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Abstract

Evaluating ex ante the economic effects of public policies or market-driven
changes requires balancing flexibility and practicality. This is particularly chal-
lenging when firms respond strategically to cost shocks. We introduce ‘general-
ized linear competition” (GLC), a new class of models which allows economists to
sidestep estimation of a demand system and requires no assumptions about the
mode of competition, rivals’ technologies and strategies, or “equilibrium.” We
show how, under GLC, firm-level cost pass-through is a sufficient statistic to calcu-
late the impact of a marginal cost shift on an individual firm’s profits. We also show
how the GLC framework can be used for welfare analysis. In an empirical appli-
cation to the US airline industry, we demonstrate the usefulness of our approach

for ex ante policy evaluation and identify the winners and losers of climate-change
policy.

Keywords: Pass-through, Imperfect competition, Taxation, Regulation, Airlines.
JEL codes: D43, H23, 51, L93.

*Our thanks are due to Toke Aidt, Meredith Crowley, Natalia Fabra, Ken Gillingham, Par Holm-
berg, Matt Kotchen, Matti Liski, Hamish Low, Nathan Miller, Kamiar Mohaddes, David Newbery,
Mario Pagliero, Andrea Patacconi, Andrew Rhodes, Donald Robertson, Howard Smith, Katalin Springel,
Arthur van Benthem, Frank Verboven and John Vickers for helpful comments and discussions, to Severin
Borenstein for providing airline data, and to Pradeep Venkatesh and Shijian Yang for excellent research
assistance. We also thank seminar audiences at Cambridge, Dundee, IIOC 2019 (Boston), Loughbor-
ough, Munich, Norwich Business School, Resources for the Future, Stockholm IFN, Toulouse, Yale and
Wharton for their feedback. Felix Grey gratefully acknowledges financial support from the ESRC (Grant
number ES/]500033/1); finally, we thank EPRG for supporting this research. Any errors and views
expressed are those of the authors and not necessarily those of any organization.

fGaudin: University of Freiburg; Genakos: University of Cambridge (Cambridge Judge Business
School), CEP and CEPR; Grey: UK Department for Energy Security and Net Zero; Ritz (corresponding
author; rar36@cam.ac.uk): University of Cambridge and Imperial Business School.



1 Introduction

Evaluating ex ante the economic impacts of public policies or market-driven changes
requires an approach which is “sufficiently flexible to avoid strong a priori restrictions
on the results and sufficiently parsimonious to permit practical application” (Berry and
Haile, 2021). This tradeoff makes the ex ante evaluations of policy-induced or market-
driven changes in firms’ marginal costs such as a ‘carbon tax’ particularly challenging.!
This is so because the relevant economic effects depend on firms’ strategic responses,
which are typically linked to the nature of product differentiation, what variables the
firms compete on, the intensity of competition, and so forth. To exacerbate the issue, the
impacts of cost shocks will also depend on firms” production technologies, the extent
to which costs change for some or all firms in an industry, or the structure of consumer
demand. These impacts may also be heterogeneous across firms and markets.

In practice, economists usually need to estimate demand for all firms in a market
in order to be able to evaluate the impacts of cost changes in strategic environments.
Demand estimation is, in turn, often complex, data-demanding, time-consuming, and
resource-intensive, among other challenges (Knittel and Metaxoglou, 2014). Our aim is
to radically simplify this problem by departing from the standard approach in order to
“focus attention on predictions which are robust across a range of model specifications
which are deemed ‘reasonable”” (Sutton, 2007).

In this paper, we define a new class of models called ‘generalized linear competition’
(GLC) under which the burden of empirical analyses of the impacts of cost shifts is
greatly reduced. The defining assumption of GLC is that a firm’s product-market
behaviour involves a linear supply schedule: its sales are proportional to its profit
margin (i.e., price minus marginal cost). This assumption only needs to be satisfied
for the firm(s) for which we want to assess the effects of the cost shift. In the spirit of
Chetty (2009), the key theoretical insight behind GLC is that a firm-level pass-through
rate of cost to price is a sufficient statistic for the impact of the cost shift on the firm’s
profits: with GLC, the impact of the cost shift on firm 1’s profits depends solely on
tirm 1’s pass-through rate. We show that this conclusion does not require any specific
assumptions about firm 1’s rivals.

In order to fix ideas, consider an economist who is tasked with assessing the effects
of a new tax on her firm'’s profits.” She might rely on demand estimation methods, but

A carbon tax for an environmental policy raises firms’ production costs in proportion to their CO,
emissions. Other examples include, e.g., the introduction of minimum wage in labour policy which
increases employers’ labour costs, or the emergence of a new technology which reduces firms’ costs.

ZEstimating the effects of a cost change on one firm’s profits is a first-order economic question. Recent
data show that almost half of Ph.D. economists trained in the US place outside academia (Foster et al.,
2023). For the majority of economists employed in the private sector, including the growing share of
them working for tech companies (Athey and Luca, 2019), the most relevant question they face in a
professional context in relation to a cost shock, a new tax, or a new policy will often be: “How will this
affect the profits of my firm (or my client’s firm)?”



this would require detailed information about her firm’s competitors (including data,
knowledge of the mode of competition between competitors, etc). Absent such detailed
information, she would need to make various assumptions about the market, the mode
of competition, as well as the functional forms of demand and cost of all firms. Instead,
we show that, under GLC, she simply needs to assume (locally) a linear product market
behaviour for her firm only—without any specific assumption on competitors’ demand
or cost functions or on the mode of competition—and she can estimate the effects of
the tax on her firm’s profits with data from her firm only.

The intuition for our main result is as follows. A cost shock (to firm 1 and/or to its
competitors) affects firm 1’s profits through its profit margin as well as its sales. Firm
1’s pass-through rate captures the change in profit margin and, under a linear product
market behaviour, the change in sales is proportional to this pass-through rate. As a
result, when firm 1 is directly affected by the cost shock, its profits decline if and only
if its own pass-through rate is less than 100%. Rivals” shocks and strategic responses
matter only insofar as they affect firm 1’s price—which is precisely what is captured in
the firm’s pass-through rate.

We also rely on our approach for welfare analysis. At the market level, when the
demand system can be derived from the preferences of a representative consumer, the
impacts of a cost shock on consumer surplus can be pinned down by an industry-
average of firm-level pass-through rates. In this case, when every firm has a linear
product-market behaviour we can also approximate, under GLC, the impacts of the
cost shift on social welfare without demand estimation.

As an illustration of the strengths of our approach, we apply GLC to the study of
the effects of carbon pricing in the US airlines market. After having checked that we
can apply GLC to this market (notably because we cannot reject the null hypothesis
of linear product market behaviour), we show, using quarterly data spanning 1,334
carrier-routes over the period 2004-2013, that a carbon price of $30 per ton of CO,
would reduce the combined profits of American Airlines and other legacy carriers by
$234 million while raising the profits of the largest low-cost carrier (Southwest) by $98
million. The driving force behind this result is that we estimate a cost pass-through rate
greater than 100% for Southwest (respectively, lower than 100% for the legacy carriers).

In addition to the $136 million decline in industry profits due to carbon pricing,
consumer surplus would fall by $395 million. We also extend the welfare analysis by
incorporating the value of addressing the externality as well as the government revenue
from a carbon tax.> Overall, social welfare would rise by $49 million because the

reduction in consumer surplus and industry losses from missed sales are outweighed

3In the online appendix, we show how GLC can be used to endogenize the extent regulation where
a social planner sets a carbon price in the presence of two distortions: market power (Buchanan, 1969)
and political lobbying (Grossman and Helpman, 1994).



by environmental gains, whereas industry losses on inframarginal consumers due to

higher costs are simply a transfer to the government.

Related literature. This paper relates to a rich theoretical literature on (tax) incidence
and the effects of cost shocks on firms” profits and consumer welfare in a strategic
environment.* Anderson et al. (2001) provide a general treatment of tax incidence
for symmetric, single-product firms competing in prices, and the influential work by
Weyl and Fabinger (2013) completes and generalizes our understanding of the role and
determinants of pass-through rates. Our theoretical results differ from those in the
literature in two important ways. First, we show the usefulness of working with pass-
through defined at the firm-level while they mostly rely on the traditional definition
of a market-wide pass-through in response to a common cost change. Second, GLC
comes with a lower informational requirement, which makes it highly relevant for
empirical applications: for instance, under asymmetric imperfect competition, Weyl
and Fabinger’s (2013) incidence results require information, alongside pass-through,
about a firm-specific conduct parameter which contains much of oligopoly theory
(i.e., the number of firms, the mode of competition, and metrics related to product
differentiation evaluated at the equilibrium allocation).

Our theory and our empirical application of GLC to carbon pricing in the US
airlines industry illustrate the relevance of estimating pass-through rates of (energy)
costs to prices under imperfect competition. In this respect, we build, in particular,
on the recent work by Fabra and Reguant (2014) on pass-through of emissions costs
in electricity markets, Miller et al. (2017) on pass-through of fuel costs in the portland
cement industry and the incidence of CO; regulation, as well as Ganapati et al. (2020) on
pass-through of energy costs in US manufacturing and the incidence of carbon taxes.®
Our approach differs from those papers in that, thanks to our theoretical results, we
compute estimates of the impacts of carbon pricing without relying on results from a
structural model, and without the assumption that firms are symmetric.

Prior empirical work on airline competition has mostly been concerned with com-
petitiveness and issues of market structure (see, e.g., Brander and Zhang, 1990; Boren-
stein and Rose, 1994; Berry and Jia, 2010). In line with our results, more recent work has
also highlighted differences between legacy vs. low-cost carriers (LCCs) and the special
role played by Southwest, the largest LCC (Goolsbee and Syverson, 2008; Ciliberto and
Tamer, 2009; Ciliberto et al., 2021). We add to this literature by estimating the profit

4See Fullerton and Metcalf (2002) for a review, as well as Bulow and Pfleiderer (1983) for the case of
monopoly. Also, Miklos-Thal and Shaffer (2021) corrected some results from Weyl and Fabinger (2013).

5See also Atkin and Donaldson (2015) for estimates of pass-through and incidence of trade costs, as
well as Sangani (2026), who shows that fluctuations in retail prices due to changes in input cost and their
effects on firms’ profits and entry in the gasoline and food industries are better captured by a model
with a fixed additive markups, which is consistent with complete pass-through in levels rather than in
percentages.



and welfare impacts of a carbon pricing regulation in the domestic US airlines industry.
We show that Southwest would benefit from such a regulation, in contrast to legacy
carriers, because its pass-through rate of fuel and carbon costs to prices is greater than
100%, in contrast to the legacy carriers’ pass-through rates.

The applicability of GLC resonates beyond industrial organization, because it light-
ens the informational burden of performing empirical analyses of the effects of cost
shocks and does so with relatively limited assumptions, in particular when focusing
on the impacts of the shock on a firm’s profits. In labour economics, for instance, the
impact of (changes in) minimum wage on firms’ profits has been studied by Draca
et al. (2011), Harasztosi and Lindner (2019), Drucker et al. (2021), and Agarwal et al.
(2024), among others. In energy and environmental economics, Bushnell et al. (2013)
investigate how the European union’s cap-and-trade regulation affects stock market
valuations—a proxy for firms” profits, Durrmeyer (2021) studies the profit impacts of
taxes and subsidies related to CO, emissions in car manufacturing, whereas Mueh-
legger and Sweeney (2022) analyse the profit impacts of the emergence of fracking
technology that has reduced energy input costs for many US companies.

The remainder of the paper is as follows. In Section 2, we discuss a simple theoretical
framework in order to illustrate the advantages of GLC, as well as its core mechanism.
We generalize the model and provide our key theoretical results in Section 3. In Section
4, we discuss the benefits of GLC for empirical analyses and we provide a roadmap for
academics and practitioners, which we then apply to a study of the effects of carbon

pricing in the US airlines market in Section 5. Section 6 concludes.

2 The Logic of Generalized Linear Competition

In this section, we explain the logic underlying ‘generalized linear competition” (GLC).
We focus on the impact of a cost shock on a firm’s profits—a first-order economic
question, given the number of economists working in the private sector—and we
relegate any welfare analysis to Section 3.

Consider an industry with two single-product firms facing a per-unit tax of .
Firms face elastic (possibly asymmetric) demands, zero costs of production, and move
simultaneously. We ask a simple question: What is the effect of raising the industry tax
rate on firm 1’s profits?

The answer to this question can be somewhat complex because it hinges on firms’
strategies (e.g., prices, quantities, etc) and a corresponding equilibrium concept, on
whether the goods are substitutes or complements, and on the own- and cross-price
elasticities as well as the second-derivatives of the firms” demand functions. Assuming,
for simplicity of exposition, that firms set prices, and writing firm 1’s (pure strategy
Nash) equilibrium profits as ITj(7) = (p] — 7) x], where x7 = x;(p*) and p; correspond to
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the demand for and price of firm i’s good in equilibrium, Vi = {1, 2}, with p* = (p], p5),
the marginal impact of the tax on firm 1’s profits is:

dlli(t) JIT; (1) % JIT;(7) % JIT;(7)

= + + 1
i ot dt Iy dt I W
=—x] =0 strategic effect

The first term on the right-hand side of equation (1) captures the direct effect of the tax
on firm 1’s profits, absent any price adjustment. The second term is null because of
tirm 1’s first-order condition. The last term corresponds to a strategic effect capturing
how the tax change affects the competitor’s strategy and, in turn, firm 1’s profits.
Without further assumptions, however, this strategic effect cannot be determined and
the above-mentioned question cannot be answered.

The defining assumption of GLC is that firm 1’s product-market behaviour involves
a linear supply; that is, x] is an affine function of pj. When firms set prices as a strategic
variable, this holds true if its demand takes the form x;(p1,p2) = a — bp1 + f(p2), with
a,beR,;and f : R, — R, because firm 1’s first-order condition then gives x] = (p;—1) b.

The marginal impact of the tax on firm 1’s profits is governed by two forces. First, the
tax affects the firm’s profit margin, (p] — 7), according to the pass-through rate, dp} /d.
Second, the tax affects the firm’s output and, under the assumption of a linear product
market behaviour, the changes in sales is proportional to the firm’s pass-through rate
because we have: dx}/dt = (1 —dp}/dt)(=b). As aresult, dITj(t)/dt = =2 x] (1 —dp}/dT).
In other words, under the assumption of a linear product market behaviour, the strategic
effect of equation (1) is equal to —x] (1 — 2dp]/dT), and its estimation does not require
any knowledge of dp; /dr.

Thus, under GLC, pass-through signs the profit impact: firm 1’s profits fall if and
only if its pass-through rate is less than 100%; in this case, its profit margin shrinks and
it also experiences weaker sales. Conversely, with pass-through above 100%, the firm
benefits from tighter regulation as both its profit margin and sales volume rise. The
‘twoness’ induced by the assumption of a linear product market behaviour ensures
that there is no situation where the tax affects the firm’s profit margin and sales in
different directions. Hence, under GLC, an economist can compute the impact of a
tax increase on firm 1’s profits simply by accessing information relating to that firm’s
pass-through rate as well as its output. Importantly, this requires no assumption about
competitors’ demands or about whether the goods are (gross or strategic) substitutes
or complements.

As formally demonstrated in the next section, GLC can be applied to more general
setups than the simple model above. It also allows us to derive broader results. First,

GLC applies to markets with more than one competitor. Second, GLC also applies to



quantity competition, competition in supply schedules, or situations where, e.g., some
firms choose quantity as a strategic variable whereas others set prices.® Third, GLC
also applies to cost shocks on specific inputs (possibly used asymmetrically by firms)
rather than on output, like carbon emissions, and also to multiproduct firms. Finally,
GLC can be used in multi-stage models (e.g., Stackelberg), and many other specific
setups such as when cost shocks do not affect all firms in the industry directly.”

GLC is also useful to understand the impacts of cost shocks at the market level.
As shown in the next section, under the assumption that the demand system can be
derived from the preferences of a representative consumer, the impacts of a cost shock
on consumer surplus can be captured by an industry-average of firm-level pass-through
rates. Then, applying GLC to every firm in the industry, we can compute the impacts
of cost shocks on industry profits as well as total welfare.

3 Generalized Linear Competition: Theory

We now formally introduce Generalized Linear Competition (GLC).

3.1 Model set-up

Consider N firms competing in M markets in an industry. A market can be defined as
a product or a geographical market—such as a given route in the airline industry, and
not all firms are necessarily active in each market. Let N' = {1, ..., N}, denote the set of
firms and M = {1, ..., M} the set of markets in the industry, with N > 2and M > 1. We
denote by M; C M the set of markets in which firm i is active, Vi € N, and we refer to
the product firm i sells in market m € M; as component m. For each component m € M;
of its offering, firm i sells an output quantity x;,(t) at a price p;,(t), Vi € N.
Regulation imposes a cost T on each unit of ‘regulated input factor” e;,,, which is
one of the inputs that firm i uses in production in market m. Not all input types need
to be affected by the regulation. In the case of environmental regulation, the regulated
factor e;, corresponds to firm i’s emissions (e.g., of carbon dioxide); it is standard in
the literature to view emissions as an input to production (Baumol and Oates, 1988).

Regulation then corresponds to putting a price T on the environmental externality.

®When firm 1 sets quantity as a strategic variable, the linear-supply assumption which defines GLC
holds true if firm 1’s inverse demand takes the form P;(x1,x2) = a — bx1 + f(x2), with a,b € R, and
f + Ry = R. Under supply schedule competition, the defining assumption of GLC holds when the
inverse demand is linear (e.g., p = 1 — x; — x) and firm 1 selects 07 in its linear supply schedule function
xp=01+ulp-1),u=0.

7For instance, in the duopoly model of price competition discussed above, if the cost shock only
affects firm 1 directly, then the discussion and conclusions mentioned above remain valid. Instead, if the
cost shock only affects firm 2 directly, the total effect of the cost shock on firm 1’s profits is simply given
by the strategic effect (equal to 2x](dp]/d7) in this case), because the first term on the right-hand side of
equation (1) is null.



Another example is minimum wage regulation for which e;, is labour input (Draca
et al., 2011). In some applications, such as for per-unit taxes as in Section 2 above, we
actually have e;,, = x;,,. In other cases, the regulated input factor can be proportional to
Xim, but the ratio between the two needs not be constant. We assume, for simplicity of
exposition, that the regulation applies to all firms and all markets in the industry, but
our results could easily be adjusted to asymmetric situations.

Firm i’s profits across its offering are ITi(7) = Y,.cpr Pim(T) Xin(T) — Ci(xi(7), €(7)) —
7 ¢;(7), where the firm’s total costs are made up of (i) its operating costs, Ci(xi(7), ei(7)),
with x;(7) = (Xiu(T))mem, and e;(t) = (€in(7))mem, the vectors of its output and regulated
factor use, respectively, plus (ii) its regulatory costs 7 e;(7), with e;(7) = Y., p1. €im (7).

Our approach builds on four assumptions in order to derive the impacts of cost
shocks on firms’ profits and consumer surplus. Note that those assumptions need not
apply to all firms in the industry, but only to those for which we seek to determine the

effects of cost shocks. Our first two assumptions are standard in microeconomic theory.

Assumption A1l (Input price-taking). Firm i takes input prices, including the regulation ,

as given.

Assumption A2 (Cost-minimizing inputs). Firm i chooses its inputs, including its use of
the regulated factors e;, optimally so as to minimize its total costs Ci(x;, ;) + T e; of producing
its output vector x;.

Our third assumption is more substantive, yet common across several strands of
the literature.® It rules out, for instance, the presence of binding capacity constraints.
It also introduces the unit cost of component m: ki,(7).

Assumption A3 (Constant returns to scale). Firm i’s optimized total costs faced with regu-
lation T are linear in outputs. That is, Ci(x;(1), €(1)) + T ei(T) = X em, Kim(T) Xim, with the unit
cost of component m given by ki, (T) = Cim(T) + T zim(T) Wwhere c;y(7T) is its per-unit operating
cost (which is not directly affected by the regulation) and z;,(t) = e;,(T)/Xim(7T) is its regulatory
intensity (i.e., the use of the requlated factor per unit of output).

Our final assumption captures the defining feature of Generalized Linear Compe-
tition. Whether or not it is satisfied is an empirical question, and we discuss some

possible empirical tests in Section 4 as well as in our application in Section 5.

Assumption A4 (Linear product market behaviour). Firm i's product market behaviour
regarding component m satisfies Xy (T) = Wi [Pim(T) — kim(T)], where Yy, > 0 is a constant
and [pim(t) — kim(7)] > 0 is its profit margin.

8These include the theory of pass-through (Bulow and Pfleiderer, 1983; Anderson et al., 2001; Weyl
and Fabinger, 2013), empirical industrial organization (Berry et al., 1995; Nevo, 2001), environmental
regulation under imperfect competition (Requate, 2006; Fowlie et al., 2016; Miller et al., 2017) and the
analysis of the profit impacts of a minimum wage (Ashenfelter and Smith, 1979; Draca et al., 2011).
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A4 states that firm i behaves such that its output is in (fixed) proportion to the
profit margin it achieves, for each of its components. The substantive restriction here
is that the proportionality factor ¢;, does not vary with the regulation 7; that is, while
regulation can shift firm i’s supply schedule it does not alter the slope of that schedule
in a given market. In Appendix 7.1, we list several examples which satisfy A1-A4.

An important strength of our approach relies specifically in what we do not need
to assume. Unlike most modelling approaches, GLC makes no assumptions about
the firms’ strategies (e.g., price competition or quantity competition) and does not
necessarily restrict attention to a specific equilibrium concept through which output
quantities and prices are determined. It also makes no assumptions on the demand
system in the industry or on the nature of consumer behaviour. As for the timing of
the underlying game, GLC applies to simultaneous or sequential moves, although the
latter might make it more complicated for A4 to be satisfied for the firm(s) for which
it is required. Finally, we can also leave open, for instance, the extent to which firms’
products are gross substitutes or gross complements as well as extent to which firms’
choices are strategic substitutes or strategic complements.

Finally, although our formulation is motivated by the analysis of a regulation such
a tax on inputs or outputs, our model also applies more generally to broader categories
of economic shocks such as technological change, captured by the variable 7, its effects
on specific input factors e;,,(7), and the exposure of firm i to the shock through z;,,(7).

3.2 Pass-through rates

At the heart of GLC lie firm-level pass-through rates of costs to prices. We now define
those pass-through rates, within one market as well as across markets, both for marginal
and discrete cost shocks.

We first define firm i’s cost pass-through on component m € M, both as a marginal

rate evaluated at 7, p;;(7), as well as an average rate over the interval [z, 7], pﬁﬂ (T, 7):

Apim(?/l) B f;dpim('f)
Ain, 1 i f?dkim(ﬂf)'

_dpi(7)/dt
" dki(7)/dT

(2)

and  pi(F 1) =

pim(T)

The numerators capture the change in firm i’s product price on component m, whereas
the denominators capture by how much firm i’s optimal unit cost, k;,(7), responds to a
tightening in regulation.

We also define firm i’s multidimensional cost pass-through rate as a weighted
average of its pass-through rates across the components of its offering, both for marginal



and discrete cost shocks:

pm= ) wn@pu(® and  PED= ) @w@ph@D,  O)

meM; meM;

where the weights correspond to the use of the regulated factor, w;,(7) = ein(7)/ei(7) €
[0,1], so that Y, ,c o @im(T) = 1.

3.3 Firm-level profits

We now derive our main results related to the impacts of a tightening in regulation on
the profits of a specific firm. In Proposition 1, we focus on the case of marginal cost
shocks, and then we move to the more general case of discrete changes in regulation in

Proposition 2 and Corollary 1. All proofs are relegated to the appendix.

Proposition 1. Consider that A1-A4 hold for firm i but not necessarily for the other firms. An
infinitesimal tightening in regqulation at T affects firm i’s profits according to:

dHi(T) _
dt

—2[1 = p,(1)] ei(7).

Proposition 1 extends the logic of the analysis performed in Section 2 to richer

settings.!’

It illustrates how firm i’s rate of cost pass-through alone is a sufficient
statistic for the profit impact of regulation 7. The intuition is as follows: A cost shock
(to firm 1 and/or competitors) affects firm 1’s profits through its profit margin as well
as its sales. Firm 1’s pass-through rate captures the change in profit margin and, under
a linear product market behaviour, the change in sales is proportional to this pass-
through rate. As a result, firm 1’s profits decline if and only if its own pass-through
rate is less than 100% when firm 1 is directly affected by the cost shock itself. Rivals’
shocks and strategic responses matter only insofar as they affect firm 1’s price—which
is precisely what is captured in the firm’s pass-through rate.

While intuitive, this critical role played by firm-level pass-through rate is also far from
obvious. Weyl and Fabinger (2013) present, for a general class of symmetric oligopoly
models, a simple formula for the impact of a market-wide cost change on aggregate
producer surplus. In their model, the profit impact of a cost shock depends on a market-
wide rate of pass-through as well as on a “conduct parameter” that incorporates the

level of firms’ profit margins and a (symmetrized) price elasticity of market demand.

?Note that the weights are evaluated at the initial use of the regulated factor, i.e., at T = 7, in the case
of discrete cost shocks. This will be the relevant definition for our main result and has the advantage
from an empirical perspective of typically being observable “pre-shock.”

0The impacts of a per-unit, output tax on firm i’s profits, as studied in Section 2, is obtained by simply
setting zj, = 1, Ym € M,.
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Note that, for Proposition 1 but also for the following results in this subsection, A1-
A4 do not need to hold for firm i’s competitors, when we are interested in the impacts
of regulation on firm i’s profits. In other words, GLC makes no assumptions on the
technology, behaviour or rationality of that firm’s rivals; importantly, these firms need
not employ a linear product-market strategy.

In order to capture the impact of discrete cost shocks on a firm’s profits, we first
define an inverse measure of the extent of factor substitution on component m over the

interval [z, 7] for firm i:

gmﬁgszfzmﬁﬁﬁpkf—szQ]>a 4)

We can now generalize the result of Proposition 1 to discrete changes in regulation.

Proposition 2. Consider that A1-A4 hold for firm i, but not necessarily for the other firms,
over the interval [t,7]. A discrete tightening in requlation from T = T to T = T affects firm i’s
profits according to:

AT(T, D) = =2 Y [1- ph,(@ DI @ = D ew(D) Qin(T, D,
meM;

where:

&Miﬂﬂ—Piﬁéﬂﬁ—Q%M@Wm@j>o

Qim (?/ I) = gim(?’ I) (1 B Z[sz (E) - kim (I)]/sz(l)

Proposition 2 extends the results of Proposition 1 to discrete changes in regulation.
In order to do so, we need to consider how our key variables evolve over the interval
[z, 7], which is captured by the pass-through rates p as well as the functions Q,
(and, thus, the functions g;,,), Ym € M. Because the information required to precisely
compute these functions is large, we are interested in situations in which the results
of Proposition 2 are more straightforward. In many cases, as for our analysis of the
airlines industry in Section 5 below, we have ;,(7,7) = 1, Ym € M;, and the impacts
of a discrete tightening in regulation can be greatly simplified, as explained by the
following corollary.

Corollary 1. Consider that A1-A4 hold for firm i, but not necessarily for the other firms,
over the interval [t,T]. Moreover, suppose that for each component m € M; (i) firm i’s
cost increase is modest relative to its initial price, that is, [(T — T)ziu(T)]/pim(T) is “small”
in that O, (T, T) = gim(T, 7), and (ii) requlatory intensity is approximately constant, that is,
Zim(T) = zi(7) V7T € [1,7]. The impacts of a discrete tightening in regulation from T = t to

11



T =T on firm i’s profits can be approximated by:
AIL(T, 1) = =2[1 - 7 (T, D] (T - D ex(D).

Corollary 1 extends the results of Proposition 1 to discrete changes in regulation,
in the simplifying-yet-common case where Q;,(7, ) ~ ¢i(7T,7) =~ 1, Ym € M;.'! This
strong result demonstrates that only firm i-specific information, including firm i’s mul-
tidimensional rate of average cost pass-through, ﬁiA, is required in order to determine
the impacts of discrete changes in regulation on that firm’s profits. The intuition for
the results of Proposition 2 and Corollary 1 is that (i) the effects of discrete shocks
on the firm’s profit margin are captured by the firm’s pass-through, and that (ii) this
pass-through also contributes to capturing the effects on the firm’s sales under a linear
product market behaviour. In fact, this pass-through constitutes a sufficient statistics
to capture the effects on a firm’s sales when the conditions stated in the preamble of
Corollary 1 are satisfied.

These results are relevant for empirical applications. Indeed, they imply that an
economist working for a given firm could determine the impacts of a cost shock on her
tirm’s profits only relying on information that is specific to her firm. In other words, when
Al1-A4 hold, together with the other conditions stated in the preamble of Corollary
1, the economist does not need to incur the high cost of estimating demand in order
to determine the impacts of the shock on the firm she works for. The analysis above
highlights the strength of GLC, which is conceptually distinct from classes of oligopoly
models that are aggregative games (Corchén, 1994; Acemoglu and Jensen, 2013) or

potential games (Monderer and Shapley, 1996).1?

3.4 Consumer surplus and total welfare

We now turn to welfare analysis under GLC. For clarity of exposition, we focus on the
effects of a marginal tightening in regulation on consumer surplus and total welfare.
We start with the following assumption.

Assumption A5 (Representative consumer). Aggregate consumer surplus can be written
as S = V(Xq, ..., XN) = Xien' e, Pim Xim, Where V() is gross consumer utility and consumers
are utility-maximizers.

According to A5, aggregate consumer surplus, S, can be written in terms of a gross

consumer utility function V() that depends on the quantities of the products offered by

HNote that, if factor substitution is infeasible, or if regulation is an output tax, implying z;,(t) = 1
forall 7 € [z, 7] and m € M;, we have g;,(T,T) = 1. Also, for a “small” tightening of regulation, i.e., for
T — 7, we have g (T, 7) ~ 1 for all m € M;.

2To see this, note that a Cournot-Nash competition game between single-product firms with a
differentiated-products demand for firm i of p; = a — Bix; — X jeny; 0ijXj, is neither an aggregative nor
a potential game (unless 6;; = 0;; for all i and j # i) but still satisfies A4.
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all firms in the market. This assumption yields an inverse demand curve for component
m of firm i’s offering as p(x1, ..., Xn) = dV/dx;,, but we do not require specific functional-
form assumptions on V(-). We define E(7) = ) ;. €i(7), the aggregate industry-wide
use of the regulated factor, as well as p(7) = Y;cn p,(7) €i(7)/E(7), the industry-average
(multidimensional) cost pass-through rate, and we obtain the following result.

Proposition 3. Consider that A1-A3 hold for each firm, and that A5 holds for consumer

surplus. An infinitesimal tightening in regulation at T affects consumer surplus according to:

- == )00 = ~E(@) pla).

1

aS(t) v
=1

Proposition 3 shows that, when the inverse demand system can be derived from the
preferences of a representative consumer, the effects of regulation on consumer surplus
are simply captured by firms’ factor use and multidimensional cost pass-through rates.
This result extends Weyl and Fabinger’s (2013) result characterizing the effect of an
output tax on consumer surplus to the case of asymmetric firms with asymmetric
usage of the regulated input.

Beyond consumer surplus, it suffices that A1-A4 hold for all firms and that A5
holds for consumer surplus to be able to rely on Propositions 1 and 3 to compute the
marginal impact of a tightening of regulation on social welfare. When the goal of
regulation is to cut down a negative externality, such as in the case of carbon pricing
for instance, it makes sense to also incorporate the total use of the regulated factor
(e.g., CO, emissions), E(t), as well as the associated costs or damages for the economy,
D(E(t)) > 0, with D’(-) > 0, into the welfare analysis. We obtain the following result.

Proposition 4. Consider that A1-A4 hold for each firm, and that A5 holds for consumer
surplus. When societal damages only depend on the industry-wide use of the requlated factor,
social welfare (including government revenues, T E(7), a transfer from producers) can be written
as W(t) = S(1) + 7 E(t) — D(E(7)) + Yiep [1i(7). An infinitesimal tightening in requlation at
T affects social welfare according to:

dW(t)

- =11 - POIE@) - [D'(E() - 7] dE(7)

dr

Proposition 4 gives an expression that consists of two terms for the impact of tighter
regulation on social welfare. The first term captures the combined marginal impact
on consumer surplus, industry profits and government revenue. To understand it,
consider the case with full industry-average pass-through, p(tr) = 1: our firm-level
result from Proposition 1 implies that industry profits then remain constant while the
reduction in consumer welfare is exactly offset by higher government revenue. By
contrast, in the case with pass-through below 100%, this term turns negative due to

13



lower industry profits. The second term captures the social value of a reduction in the
externality that arises if regulation decreases industry emissions, dE(7)/d, < 0, and the
externality is underpriced at the margin, i.e., T < D’(E(1)).

The framework of analysis developed above applies to a broad range of models,
some of them we list in Appendix 7.1. Importantly, GLC remains useful when the
regulation does not apply to all firms in the industry. For instance, the regulatory
“shock” T could apply to a subset of firms only. In this case, all of our formulas above
remain valid for the firms which face the shock. Firms which do not directly face the
regulation or shock would still be affected (positively or negatively) because of the

competition and strategic interdependencies.'?

4 Generalized Linear Competition: From Theory to Em-
pirics

In this section, we discuss the informational requirement between estimating demand
and applying GLC, and we explain why the gains from using our approach can very
well outweigh the (possibly minor) costs related to A1-A4. Then, we provide aroadmap

for practitioners.

4.1 Comparison to demand estimation

In environments where firms consider their strategic interdependencies, is it well-
known that a regulatory shock will affect firms indirectly through these interdependen-
cies (in addition to the direct impact, for firms directly exposed to the shock). Therefore,
an economist typically needs to estimate demand, including all cross-price elasticities,
in order to compute the effects of a shock on a single firm (Berry and Haile, 2021). This
implies that, for instance, that the economist needs to estimate N? elasticities when
there are N single-product firms in the market. Demand estimation is often complex,
data-demanding, time-consuming, and resource-intensive, among other challenges, as
discussed by Knittel and Metaxoglou (2014).

GLC offers strong benefits for empirical work because it allows to estimate the
effects of cost shocks or regulation changes on a firm’s profits without the need to
estimate demand for all firms. In the example mentioned above where an economist
seeks to compute the effects of a shock on a single firm, she only needs to estimate
one firm-specific pass-through rate under GLC, using reduced-form methods (see, e.g.,
Fabra and Reguant, 2014; Miller et al., 2017; Ganapati et al., 2020).

BIn their cases, however, only the strategic effect of equation (1) remains, which affects the corre-
sponding formulas, as discussed in footnote 7 above.
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The underlying assumptions required to implement GLC, namely A1-A4, are either
standard and/or can be checked empirically. The costs of making those assumptions
need to be balanced against the gains from relying on a simpler empirical implementa-
tion. In this regard, it is important to notice that, although more flexible versions of A4
could also ensure that the profit impacts of a regulatory shock on firm 1 can be estimated
using only firm 1’s information, the assumption of a linear product market behaviour
ensures that the required information is quite limited in that, for instance, one does not
require input price information (beyond what is needed for the pass-through estimate)
in order to implement Proposition 1 or Corollary 1. Indeed, were the formulas given
in Proposition 1 or Corollary 1 depending on input prices, one might need to estimate
marginal costs through a structural model, which would defeat the purpose of using

our GLC framework.

4.2 Roadmap for practitioners

We now provide a roadmap for academics as well as for practitioners such as poli-
cymakers, economic consultants, or professional economists employed directly by a
private company or corporation on how to use GLC in empirical work. We rely on this
roadmap ourselves in our application to the impacts of carbon pricing for US airlines
in Section 5.

Our roadmap has three steps:

Step 1: Obtain or estimate firm-level pass-through rate(s),
Step 2: Verify the GLC assumptions A1-A4,
Step 3: Apply GLC (e.g., Corollary 1, and Propositions 3 and 4).

Firstly, a practitioner needs to obtain a firm-level pass-through rate for any firm
for which she wishes to study the impacts of the cost shock on profits. (When the
practitioner is interested in total welfare, she needs to obtain firm-level pass-through
rates for all firms in the industry.) When they are not readily available, pass-through
rates can be estimated in a reduced-form with information about firms” prices as well
as data on prices and quantities of the input factor, plus an instrument for the cost shift
(see, e.g., Ashenfelter et al., 1998; Fabra and Reguant, 2014).

Secondly, A1-A4 must be deemed a reasonable approximation to the production
technologies of the firms for which the practitioner wants to assess the impacts of
the cost shock. Al and A2 would probably appear reasonable for most markets.
Assumption A3, although more substantive, would also be satisfied (or approximated)
in many markets. In general, institutional knowledge about the market would be
used in order to provide support for A1-A3. Finally, a direct test of whether A4
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holds in a given setting would require full information on marginal costs. Obtaining
such information is known to be extremely difficult in most markets. The alternative
of estimating marginal costs through a structural model (for example, Berry et al.,
1995; Nevo, 2001) is highly demanding and would require a whole set of additional
assumptions that defeats the purpose of using the GLC framework in the first place.
Instead, an indirect way to test this assumption is by providing evidence that demand
does not exhibit significant non-linearities in own-price; indeed, given A1-A3, standard
models of imperfect competition would then imply that A4 holds (see Appendix 7.1).
For instance, in our empirical application of GLC to the US airlines market, we show
that we cannot reject the null hypothesis of a linear product market behaviour.
Finally, given prior knowledge of firm-level pass-through, profit impacts and wel-
fare effects can be estimated via GLC using only cross-sectional data for the firms of

interest, following Proposition 1, Corollary 1, and Propositions 3 and 4.

5 The Impacts of Carbon Pricing for US Airlines: A GLC
Application

In this section, we apply the roadmap detailed above by estimating the impact of
introducing carbon pricing to the domestic US airline industry. More specifically, we
estimate the effect of an hypothetical industry-wide carbon pricing regulation on firms’
profits, consumer surplus and total welfare. To do so, we rely on the GLC framework

developed above.

5.1 Industry background and data
5.1.1 Industry background

Airlines produce around 2.5% of global CO, emissions (McCollum et al., 2009). As
these emissions occur high up in the atmosphere, an effect known as climatic forcing
means that the proportion of “effective” emissions is around twice as high. Airline
emissions are projected to grow well into the 21 century due to rising global demand
for air travel and limited scope for large-scale substitution away from jet engines. As
other sectors of the economy, such as electricity generation, decarbonize more quickly
the role of aviation in future climate policy is set to grow. Economic regulation appears
increasingly likely as countries seek to implement internationally-agreed climate targets

in a cost-effective manner.!#

4 Aviation is already subject to carbon pricing in some international jurisdictions such as the EU’s
emissions trading scheme.
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We study the domestic US airline industry. This is the world’s largest aviation
market, producing around 28% of global aviation emissions, but it has so far not
been subject to carbon pricing. At a baseline carbon price of $30/tCO,, aviation’s
2013 emissions of 120 million tCO, would have had a value of $3.6 billion. We study
the domestic US market because international aviation is regulated under a separate
organization and set of agreements.'

There is a rich literature that explores many important features of US aviation mar-
kets, principally the presence of market power and firm heterogeneity. The number of
firms competing on a given route is typically small, and it is widely acknowledged that
despite deregulation airlines continue to exercise market power (Brander and Zhang,
1990; Borenstein and Rose, 1994; Ciliberto and Tamer, 2009). Over the period we study,
US aviation was dominated by four large legacy carriers (American, Delta, United and
US Airways) and a large low-cost carrier, Southwest Airlines. Legacy airlines were
established on interstate routes before deregulation in 1978; they tend to operate hub-
and-spoke networks with relatively high costs and high levels of service while low-cost
airlines tend to offer direct flights at lower prices (Borenstein, 1992). A recurring theme
in the literature is the importance of this heterogeneity and the central role played
by Southwest, sometimes labelled the “Southwest is special” effect. From the 1980s
onwards, Southwest’s low costs, innovative business model and generally astute man-
agement have made it an especially disruptive and profitable competitor, with large
impacts on incumbent prices and profits (Morrison, 2001; Borenstein and Rose, 2007;
Goolsbee and Syverson, 2008; Ciliberto and Tamer, 2009; Borenstein, 2011; Ciliberto
et al., 2021). We follow this literature by ensuring that any potential heterogeneity
between Southwest and the legacy carriers is captured in our analysis.

5.1.2 Data

As is standard in the airline literature, we take a product to be a seat on a flight by
airline i on route j at time t. Our dataset is a panel of price and cost data for airlines
over the period 2004Q1-2013Q4.'® For each carrier i, route j and quarter t, we have the
average ticket price p;;;, the average per-person fuel cost k;j;, and a vector of covariates.
All monetary quantities are in real 2013Q4 USD. We restrict our attention to the four
large legacy carriers (American, Delta, United and US Airways) and one large low-
cost carrier (Southwest) operating throughout the period."” The resulting dataset is an

B The first global aviation emissions reduction agreement was negotiated by the UN’s International
Civil Aviation Organization (ICAQO) and signed by its 191 member nations in October 2016; it amounts
to a carbon-offset scheme for emissions growth after 2020.

16The start year was chosen to exclude the effects of 9/11 from our dataset. The end date avoids the
2015 “mega merger” between American Airlines and US Airways.

7There are now many more low-cost carriers, but these were either small or non-existent at the start
of our period, so we do not include them into our analysis.
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unbalanced panel, with N = 1334 carrier-routes and T = 40 quarters, a total of 36,650
observations. The routes in our sample make up 27% by revenue of all domestic US
aviation activity over the period.

We construct the data by combining elements of three datasets from the US Bureau
of Transportation Statistics. Price data come from the DB1A Origin and Destination
Survey, a 10% sample of all airline tickets sold.'® Prices are for a one-way trip; all round-
trip tickets are split equally into two one-way observations. A route is defined by its
origin and destination airports, regardless of direction. Following much of the airlines
literature, we exclude indirect flights.”” Finally, we exclude carrier-routes that had
fewer than 1,000 passengers per quarter. For the resulting observations we calculate
pijt, an average of all fares purchased on carrier-route ij in quarter ¢.

The remaining datasets (T-100 and Form 41) are used to construct k;;;, the average
per-passenger fuel cost for flying with carrier i on route j in time £.2° This is the total fuel
cost for a given flight divided by the number of passengers on that flight (Appendix
7.3.1 describes this procedure in more detail). Given there is currently no variation
in carbon prices for US airlines, our empirical approach is to estimate fuel cost pass-
through—the dollar increase in prices following a dollar increase in fuel costs. There is
a constant relationship whereby 1 gallon of jet fuel produces 0.00957 tons of CO, when
burned; for an airline, fuel and carbon costs are therefore equivalent and pass-through
rates should be the same.?!

The value of fuel cost k;j; is determined by three factors: (i) the market price of
jet fuel, which tracks the crude oil price; (ii) the fuel efficiency of the passenger’s
journey, driven by the type and age of aircraft used, the configuration of the seating
and the proportion of seats filled (any other variation in the airline’s physical operating
procedures can also influence this factor); and (iii) the carrier’s use of hedging or other
financial instruments when buying fuel. This last factor varies significantly between
carriers and over time for a given carrier. For example, in our sample period, Southwest
was known for its extensive use of hedging, while US Airways never hedged. Carriers
therefore ended up paying very different prices: in 2008 (when oil prices were rising)
US Airways paid 30% more for each gallon of fuel than Southwest, whereas in 2009

18We use a cleaned version of the DB1A provided by Severin Borenstein. The following ticket types
are excluded: international, first class, frequent flier (those with a price less than $20), entry errors
(price higher than $9,998 or five times the industry standard for that route-time), and open or circular
itineraries. Observations are aggregated up to the carrier-route-time level.

YIndirect flights—involving a change of aircraft at another airport en route, using the airline’s hub-and-
spoke network—are well-known to have different economic characteristics to direct flights. Excluding
indirect flights is, therefore, commonplace in the airlines literature (e.g., Borenstein and Rose, 1994;
Goolsbee and Syverson, 2008; Gerardi and Shapiro, 2009).

2The overlap between the DB1A and T-100 is good but not perfect; see Goolsbee and Syverson (2008).
Merging with data from T-100 results in around 10% of DB1A revenue being dropped.

ZSimilar approaches to ours of using variation in energy costs to estimate the impacts of future US
climate regulation are also taken in recent work by Bushnell and Humber (2017), Miller et al. (2017), and
Ganapati et al. (2020).
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(when oil prices fell) it paid 18% less.??

Table 1 presents descriptive statistics on airlines’ prices, costs and other variables
related to competition and environmental performance. The four legacy carriers are
grouped together.” Southwest tends to fly larger numbers of passengers on shorter
routes than the legacy carriers; it charges lower prices and has lower fuel costs and
emissions. Revenue and numbers of competitors are broadly similar across routes.

Legacy Southwest
Mean SD Min Max Mean SD Min Max

Quarterly average statistics

Price ($) 154.73  40.76 63.07 29891 227.75 70.89 72.80  599.11
Fuel cost ($) 32.95 17.86 5.61 129.81  52.98 28.74 2.05 366.63
Distance (miles) 717 466 133 2,298 1,044 629 130 2,724
Emissions (tCO,) 0.13 0.06 0.03 0.41 0.20 0.10 0.01 0.71
Emissions cost ($/tCO,) 4.00 1.84 1.03 12.44 6.02 2.89 0.18 21.22
Passengers (000s) 42 39 1 289 30.19 29.21 1.00 244.66
Competitors 2.24 2.40 0 16 2.82 2.29 0.00 16.00
LCC competitors 0.40 0.73 0 4 0.67 0.97 0.00 5.00
Revenue ($ million) 5.46 4.37 0.12 32.123 5.85 5.84 0.11 53.87
Whole sample statistics

Revenue in sample (%) 56 43

Observations 13,199 22,451

Carrier-routes 416 918

Notes: Price, fuel cost, emissions and emissions cost are per passenger. Emissions costs are calculated at
a carbon price of $30/tCO,. Whole sample statistics are aggregated over all N and T. Revenue in sample
is the proportion of all US airline revenue in the sample (i.e., all flights on all airlines). Legacy carriers are
American, Delta, United and US Airways. All averages are unweighted. Source: Authors’ calculations
based on quarterly data from the US Bureau of Transportation Statistics for the period 2004Q1-2013Q4.

Table 1: Summary statistics.

5.2 Pass-through rates

Following our roadmap, we first estimate pass-through rates in the domestic US airline
industry.

5.2.1 Step 1: Estimating pass-through

The first step in simulating the effect of carbon pricing in the US airline industry is

to identify the scale 7 and scope of regulation and to obtain an estimate of firm i’s

22We do not have detailed data on the precise extent of hedging by each carrier at each point in time.
Turner and Lim (2015) document and analyse the different hedging strategies of US airlines, and the
different effective fuel prices that result.

BTable 4 in Appendix 7.3.1 gives descriptive statistics by carrier and confirms the similarity of the
legacy carriers compared to Southwest. Moreover, Figure 1 in Appendix 7.3.2 displays trends over the
period for each carrier type. It shows that average per-passenger fuel cost and the spot price of jet
fuel track each other well and, also, that average ticket prices and per-passenger fuel costs appear to be
positively correlated, both for Southwest and for legacy carriers.
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rate of cost pass-through. First, we consider the effects of a federal carbon price that
would equally applied across all airlines. Second, in order to estimate firm i’s rate of
cost pass-through, we follow the recent pass-through literature (see, e.g., Fabra and
Reguant, 2014; Atkin and Donaldson, 2015; Miller et al., 2017) and use as our baseline
specification a panel data regression of quarterly average prices p;; on average per-
passenger fuel costs k;;.** We allow for pass-through heterogeneity by interacting costs
with carrier identity—either Southwest or a legacy carrier— and estimate the following
equation:

’

Pijt = pskijt - Si + prkije - Li + ijtﬁ + Ar + 1ij + €iji )

The parameter of interest is the average rate of cost pass-through across routes, p. By
interacting fuel cost k;j; with dummies S; and L; that are equal to 1 for Southwest and
legacy carriers, respectively, we obtain pass-through rates ps and p;, for the two carrier
types. Controls (X;j;), time effects (A;), fixed effects (7;;), and residuals (¢;;;) are explained
below.

The per-passenger fuel cost k;j; in equation (5) is potentially endogenous. Indeed,
it depends, through its denominator, on the number of passengers flying in quarter
t, which in turn will generally be an outcome of the price pijr- To address this, we

use the spot price of jet fuel as an instrument for fuel cost k;;.

Since the price
of jet fuel is determined by the global oil price, it is exogenous to the number of
passengers on a particular route, satisfying the exclusion restriction. Moreover, to
accommodate potential hedging, we include three lags of spot prices. We also include
a term interacting distance with fuel costs, in order to capture the differential impact of
spot fuel prices on the dollar fuel cost of flights covering different distances. The first

stage regressions are given by:

3 3
kijt ‘a; = Z yqft—q -a; + Z 6qft—q < a; - di]‘ + X;jtﬁ + Uy + 91']' + Wijt for each a; € {Sl‘, Li} (6)
=0 =0

where f; is the spot fuel price, d;; is the route distance, and the remaining controls are
the same as in equation (5).

Equations (5) and (6) include a vector of controls X;; which capture changes in
supply and demand: (i) We include GDP growth to proxy for demand because jet
fuel prices closely track the oil price, which may be systematically related to demand
for air travel. More specifically, we use the average GDP growth of the two states at
either end of the route. (ii) We construct an index of the main non-fuel costs, at the
carrier level, principally made up of labour and aircraft maintenance costs. (iii) We

24This implies that we estimate average pass-through rates across routes for each firm, i.e., that m = 1
in the GLC framework of Section 3.
We use jet fuel price data from Bloomberg (JETINYPR index, New York Harbor 54-Grade Jet Fuel).

20



include the number of all competing legacy carriers on route j. (iv) We also include
the number of all competing low-cost carriers, as these may have a different impact to
other competitors. (v) We include carrier size, the total number of passengers travelling
on all of airline i’s routes in a given quarter, as a measure of overall demand for airline
i’s product. Time effects (A; and u;) are controlled for using indicators for each year-
quarter t and 7;; and 0;; capture carrier-route level fixed effects. Standard errors are
clustered at the carrier-route level. Finally, we weight observations by carrier-route
emissions, so smaller routes do not disproportionately affect the resulting carrier-level
pass-through estimates.?®

5.2.2 Estimation results

Table 2 displays our main estimation results. Column (1) presents the OLS coefficients.
Interestingly, the pass-through is not only significantly higher for Southwest than the
legacy carriers, but also these are on either side of 1. Column (2) provides the baseline
results correcting for the cost endogeneity through 2SLS. Southwest’s pass-through rate
is 1.42 and significantly greater than 1 (p-value= 0.001), whereas the legacy carriers’
pass-through is 0.66 and significantly smaller than 1 (p-value= 0.001). This means
that when firms’ costs rise, Southwest’s rise in prices more than offsets the firm’s cost
increase. The opposite is true for the legacy carriers. Both coefficients are higher than
their counterparts in column (1), confirming the OLS downward bias, while at the
same time revealing the same qualitative pattern. To the best of our knowledge, we are
the first to document the pass-through heterogeneity between Southwest and legacy
carriers in the US airline industry, which can be considered as a new dimension in
which the “Southwest is special” result operates.

The rest of the control coefficients have the expected signs. We see that greater
competition lowers prices, and that competition from low-cost carriers has a large
effect. Non-fuel costs raise prices. GDP growth and carrier size seem to have a
negative relationship with price. The first stage results are also as expected: both
the spot price of jet fuel and its interaction with distance have a positive relationship
with per-passenger fuel costs, and the Sanderson-Windmeijer F-statistics provide very
strong evidence that the instruments are relevant in all cases, in line with the literature
on pass-through estimation.

Column (3) shows the results of estimating the same equations on the subsample of

26Qur specification does not directly include competitors’ costs, as this makes estimation infeasible
because of a curse of dimensionality. The literature on pass-through estimation takes a variety of
approaches to deal with this problem, for example by imposing functional form or other restrictions to
reduce the number of parameters to estimate (see, e.g., Miller et al., 2017). Our approach is to allow firm
i on route j to have costs k;;; that may be correlated in any arbitrary way with any other rival’s costs.
The substantive assumption is that the relationship between own and rivals” costs remains unchanged
over the period we study. If this holds, then our pass-through rates capture both own-cost and rival-cost
effects. In this respect our approach is similar to Atkin and Donaldson (2015).
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the full dataset that gives a balanced panel. These results are for the ‘stable” routes
only—those that were operated continuously by the same airlines throughout the
period. The near-identical results for the balanced and unbalanced panel suggest
that both newly opened routes and routes shortly to be discontinued appear to have
the same pass-through as the stable routes. We interpret this as a strength for the

external validity of our estimates.

5.2.3 Pass-through heterogeneity

What could explain the heterogeneity in pass-through rates? To answer this question,
we decompose the difference in pass-through rates into three factors: route portfolio,
production costs, and demand asymmetries.

First, from the descriptive statistics in Table 1 it is clear that Southwest operates
considerably shorter routes than the legacy carriers. Short-haul flights are likely to
have systematically different characteristics: on the demand side, there exist more
close substitutes (such as car, bus or rail travel); on the supply side, entry may be more
or less difficult, so there may be differences in market power (e.g., Brander and Zhang,
1990; Berry and Jia, 2010). To quantify the importance of route portfolios, we present in
column (4) of Table 2 the results using only routes common to both Southwest and the
legacy carriers.” We find that Southwest’s pass-through rate falls significantly, to 0.98,
while the legacy carriers’ pass-through remains statistically unchanged, at 0.52. Hence,
39% of the difference in pass-through rates between Southwest and legacy carriers
(Table 2, column (2)) can be attributed to route portfolio differences.?®

Second, we quantify the importance of production cost heterogeneity. Southwest
has lower average fuel costs on common routes: $30.37 per passenger compared to
$40.59 for the legacy carriers. This is principally due to use of newer aircraft and more
efficient seating configurations. Absent any demand asymmetries, prices would have
been equal and from equation (2) the pass-through rates of any two firms (i and j) are
related only by their relative cost shocks, p;/p; = Aki/Ak;. Using the fuel cost figures for
the common routes, Southwest’s superior fuel efficiency can explain 23% of the original
difference in baseline pass-through rates.”

Finally, the remaining 38% of the pass-through differential can be attributed to
demand-side asymmetries between carriers, possibly because of their differentiated-
product offering.®® An alternative, but perhaps less likely explanation, is that these

?’To achieve a fully like-for-like comparison of pass-through rates we run an unweighted regression.

The difference in coefficient across all routes is 1.418 — 0.661 = 0.757, whereas the difference across
common routes is 0.983 — 0.518 = 0.465, hence (0.757 — 0.465)/0.757 = 0.39.

2 All else equal, we would expect Southwest’s predicted pass-through rate to be 0.692, which explains
(0.692 — 0.518)/0.757 = 0.23 of the difference in coefficients in Table 2 (column (2)).

9To add together the above elements of this back-of-the-envelope decomposition, we implicitly require
the ratio of fuel efficiencies Ak;/Ak; between Southwest and the legacy carriers to be the same for the
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@ 2) ®3) 4)
Estimation method OLS 2SLS 2SLS 2SLS
Sample Baseline Balanced Common
panel routes
Dependent variable Price;j; Price;js Price;js Price;js
Fuel cost X Southwest 1.145%** 1.418*** 1.485*** 0.983***
(0.119) (0.121) (0.129) (0.152)
Fuel cost x Legacy 0.560*** 0.661*** 0.688*** 0.518%**
(0.082) (0.104) (0.109) (0.140)
Competitors -2.372%*%* -2.171*** -2.255%** 0.590
(0.721) (0.717) (0.781) (0.996)
LCC competitors -7.834%** -7.808%** -8.137%** -9.890***
(1.412) (1.361) (1.454) (2.226)
Non-fuel cost index 7.248*** 6.895%** 7.400%** 7.093**
(2.684) (2.580) (2.809) (2.993)
GDP growth -1.374%%* -1.3471*** -1.620%** 0.362
(0.398) (0.388) (0.436) (0.302)
Carrier size -15.094*** -15.119*** -16.203*** -2.247
(4.474) (5.218) (5.793) (4.502)
Time FE yes yes yes yes
Carrier-route FE yes yes yes yes
Observations 35,650 35,650 24,600 6,138
Clusters 1,334 1,334 615 183

First stage regressions

Spot x Southwest

Spot x Distance X Southwest

F-test excluded instruments

p-value

Spot x Legacy

Spot x Distance X Legacy

F-test excluded instruments

p-value

Dependent variable: Fuel cost X Southwest

17.258*** 17.290%*** 22.390***
(1.065) (1.199) (2.789)
10.307*** 10.486*** 9.956***
(0.209) (0.219) (0.253)
1843.69 1545.97 734.71
(0.000) (0.000) (0.000)
Dependent variable: Fuel cost X Legacy
25.772%** 25.693*** 8.412%**
(3.058) (3.500) (3.058)
12.090*** 12.281%** 11.3417%**
(0.820) (0.849) (1.359)
371.19 374.80 138.67
(0.000) (0.000) (0.000)

Notes: The dependent variable in columns (1)—(4) is the price of carrier i in route j and quarter ¢.

Standard errors clustered at the carrier-route level are reported in parentheses below coefficients.

* significant at 10%; ** significant at 5%; *** significant at 1%. Source: Authors’ calculations based on

quarterly data from the US Bureau of Transportation Statistics for the period 2004Q1-20130Q4.

Table 2: Pass-through estimates.
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demand asymmetries are driven in addition by differences in competitive conduct

across common routes.

5.2.4 Further results and robustness

We have explored a large number of robustness tests and alternative specifications,
and find that our central result is robust: the pass-through rate is greater than 1 for
Southwest and lower than 1 for legacy carriers.

We summarize the results here, while Appendix 7.3.3 contains further details. First,
we re-estimate our baseline results but allowing for heterogeneity at the individual
airline level, rather than grouping the legacy carriers together. Table 5, column (2),
reveals that Southwest remains the only carrier to have a pass-through rate signifi-
cantly greater than 1. Second, we explore a larger set of control variables that address
additional demand- and supply-side factors that could be relevant to airlines’ pricing
choices (GDP per capita, population, network density, potential entry by Southwest
as in Goolsbee and Syverson (2008), and the effect of bankruptcy). The pass-through
rates in Table 7 remain qualitatively and statistically unchanged. Third, we present
results of estimating equation (5) on a route-by-route level rather than as a panel, in
a way closely related to the Mean Group estimator in Pesaran and Smith (1995) and
the estimation strategy used in Atkin and Donaldson (2015). The principal advantage
of this approach relative to panel regressions is that it allows for greater heterogeneity
across routes within an airline, at the cost of less comprehensive time controls. The

results in Table 8 are again similar to our baseline results.

5.3 Step 2: Verifying the GLC assumptions

The second step, according to our roadmap, is to verify that the underlying assumptions
of GLC are a reasonable approximation to firm i’s production technology and the
competitive environment. Recall that GLC requires no specific assumptions about
competitors” demand functions, the mode of competition, competitors” technologies
and strategies or rationality, for instance. Many of these factors are unknown for
airlines, and one could expect considerable intra-industry heterogeneity. Below, we
discuss whether A1-A4 hold in this empirical application.

Input price-taking (A1) is a reasonable assumption in that any airline cannot influence
the global oil price, which is the primary determinant of its jet fuel price. Likewise, the

price-taking assumption is appropriate in the context of an emissions tax.

Cost-minimizing inputs (A2) also appears reasonable for airlines. Fuel costs are often

an airline’s largest cost, amounting to 20 — 50% of its total cost base (Zhang and Zhang,

whole sample as it was in the common routes.
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2018), so it clearly has strong incentives to minimize fuel costs. Future carbon costs
are likely to be managed in conjunction with an airline’s overall commodity-market
exposure, so we expect these to be similarly optimized. Examples of fuel/emissions
reductions by airlines include adjusting flight time, cabin weight, and leasing newer
aircraft. These kinds of reversible, continuous and often operational changes are con-
sistent with our framework; anything that airlines did in the past in response to fuel

prices, they are likely to do again in response to a carbon price.!

Constant returns to scale (A3) is a more substantive assumption, though it is standard
in much of the airlines literature.>> The evidence on whether it holds empirically is
inconclusive: some studies estimate modest scale economies whereas others find no
such evidence (Zhang and Zhang, 2018); therefore, our analysis seems consistent with
the notion that these economies scale, if they exist, are relatively weak in comparison
with the marginal price-cost shifts we focus on.** Finally, recall that the presence of
fixed costs is not an issue for the application of GLC.

Linear product market behaviour (A4) is a key assumption underlying GLC. We check
this assumption by providing evidence that demand does not exhibit significant non-
linearities in own prices. To this aim, we conduct two empirical tests. First, we estimate
pass-through on monopoly routes using our baseline model from equation (5) (see Table
9 in Appendix 7.3.4). The estimated pass-through is 0.6 and statistically not different
from 0.5, which is the pass-through rate for a monopolist facing linear demand (Bulow
and Pfleiderer, 1983). This result provides direct evidence that demand convexity is not
significant for monopoly routes. Second, we directly test for the existence of non-linear
demand terms in own price in duopoly and triopoly markets (see Tables 10 and 11 in
Appendix 7.3.4). In both cases, we fail to reject the null of insignificant coefficients. In
sum, A1-A3 combined with evidence of no significant demand non-linearities provide

good empirical support to maintain A4 in our application.

5.4 Step 3: Applying GLC

Following our roadmap, the last step of the analysis is to apply our GLC results to the
domestic US airline industry.

310ther abatement activities that fit less well with our approach are one-off, predominantly capital
changes, such as purchasing new aircraft or installing wing tips. If these kinds of abatement dominate
over the period we study, our historic pass-through results may give less accurate predictions of the
impact of future carbon pricing.

$2Brander and Zhang (1990) discuss how to conceptualise constant marginal costs in the case of airlines;
Berry and Jia (2010) estimate marginal costs which are constant for a given vector of route characteristics.

3There is stronger evidence for economies of scope: a higher network density of its route portfolio
can confer a competitive advantage on an airline—but this is not inconsistent with GLC. As is common
in the airlines literature, our empirical analysis does not account for potentially complex network effects
with other routes (see, e.g., Ciliberto and Tamer, 2009).
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5.4.1 Profit impacts of an exogenous carbon price

We now apply Corollary 1 and estimate the profit impacts of a carbon price. We begin
by examining the impact of an exogenous carbon price of $30/tCO,, which is roughly
the social cost of carbon (SCC) reported by Nordhaus (2017) and calculated by the US
government.*** Importantly for the external validity of our results, the wide variation
of jet fuel prices over our period exceeds by a considerable margin the variation in costs
that a $30/tCO, carbon price would induce. Hence, our simulated shock lies within
the range of fuel cost shocks that airlines responded to over the sample period. We
report the impact of a $30/tCO, carbon price in Table 3, together with our baseline
pass-through estimates from Table 2.

The results show a great disparity across airlines: legacy carriers’ profits are ex-
pected to fall by approximately $234 million, whereas Southwest’s profits would in-
crease by $98 million. As a percentage of revenue, these amounts correspond to a 1.60%
decrease for the legacy carriers and a 1.55% increase for Southwest. The intuition is
that, on average, legacy carriers’ pass-through is less than 100%, so their profit margins
decline as costs increase; carbon regulation would lead to a fall in their sales and profits.
For Southwest, this logic applies in reverse and so its profits would increase due to
carbon regulation. The overall effect on the airline industry would be a $136 million (or,
alternatively, a modest 0.65%) decline in profits. This is much less than the $463 million
profit decline from a naive “static” calculation based on the formula Y\, (T — 7)e;(q).
Our GLC framework helps us identify the winners and losers from carbon pricing, and
therefore also inform us about the likely political game to be played.*

Our conclusions on the calculated profit impact, using our GLC framework, are
consistent with several findings in the literature. Goolsbee and Syverson (2008), Cilib-
erto and Tamer (2009) and Berry and Jia (2010) variously point to Southwest being

%The US Interagency Working Group on Social Cost of Greenhouse Gases (2016) has compared and
averaged the results of the major models that are used to estimate the SCC. The results for the end of our
period of study are around $30/tCO,.

%Corollary 1 also requires two auxiliary conditions: (i) the cost shock due to regulation is “small”
relative to product price and (ii) there is limited scope for factor substitution. First, from Table 2,
emissions costs at $30/tCO, are about 3% of the average ticket price for both Southwest and legacy
carriers (emissions cost/price = (4 +154.73) X 100 = 2.59% for Southwest, and (6.02 +227.75) x 100 = 2.64%
for legacy carriers). Second, there is limited scope for large-scale jet fuel substitution in this industry,
although airlines can increase fuel efficiency by adjusting various aspects of a flight (e.g., route and
altitude to minimize the impact of wind, holding patterns and taxiing between runway and terminal,
etc.). We transformed fuel prices to carbon prices (pearpon = 0.00957 X 30 X pf,e1) using the known constant
technological relationship and the $30/tCO, SCC estimate. We then estimated a log-log specification
of carbon price on emissions, while using the same controls (GDP growth, carrier size, number of
competitors) and fixed effects (time and carrier-route) as in our baseline specification. We estimated
empirically that a 1% increase in carbon prices decreases the emissions’ intensity by —0.03% for legacy
carriers to —0.01% for Southwest (results available upon request). We interpret these results as providing
evidence of a limited factor substitutability.

%In Online Appendix 8.2, we consider a environment where firms can lobby the government and in
which the level of the carbon price is endogenously determined.
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1) (2) 3)
Southwest Legacy All

Pass-through, p 1.418 0.661 0.853
(0.121) (0.104) (0.109)
Profit impact (in millions $), AIT 98.3 -233.9 -135.6
[41.4,155.3] [-377.4,-90.4] [-337.6, 66.4]
Profit impact (in %), AIT 1.55% -1.60% -0.65%
[0.65, 2.45] [-2.59, -0.62] [-1.61, 0.32]
Consumer surplus (in millions $), AS -394.8
[-495.8, -293.8]
Total welfare (in millions $), AW 494
[-51.6, 150.4]

Notes: Pass-through estimates are from Table 2. Pass-through rate in column (3) is an emissions-
weighted average of Southwest and legacy results. Standard errors are reported in parentheses below
coefficients and 95% confidence intervals in squared brackets. Source: Authors’ calculations based on
quarterly data from the US Bureau of Transportation Statistics for the period 2004Q1-20130Q4.

Table 3: Profits, consumer surplus and welfare impacts.

more efficient, better able to cope with shocks, or especially threatening to its rivals
(the “Southwest is special” effect discussed above).While these authors mostly stress
differences in, e.g., hedging strategies, our findings offer a new explanation for their

results, namely the asymmetries in pass-through rates.

5.4.2 Consumer surplus and total welfare

We now extend our empirical analysis by showing how our GLC framework yields
results related to social welfare, including environmental damages. We assume that
A5 holds, i.e., that the aggregate consumer surplus, S(t), can be written in terms of
a gross consumer utility function that depends on the quantities offered by all firms
in the market. We also assume that environmental damages, D(E(t)), only depend
on industry-wide emissions, E(7) = Y. ¢,(t). In other words, which firms produce
emissions does not matter; only the aggregate is relevant. This is the appropriate setup
for climate change. Social welfare can therefore be written as W(7) = S(7) + Il(7) +
TE(1) — D(E(7)), where the third term corresponds to government revenue (a transfer
from producers).

Column (3) of Table 3 applies the results of Propositions 3 and 4 to the domestic
US airlines industry. Based on our carrier-level pass-through estimates, we obtain an
industry-average pass-through rate p = Y.y ﬁiA(?, 7)ei(1)/E(t) = 0.853. This yields a
decrease in consumer surplus of $395 million at our $30/tCO, carbon price. Conversely,
we find that social welfare rises by $49 million: the reduction in consumer surplus and

industry profits is outweighed by environmental gains and government revenues.*”

%To obtain this result, we estimated the induced change in industry-wide emissions using our airlines
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However, our confidence levels do not allow us to rule out the possibility that total
welfare declines at the lower end of our pass-through estimates (for which the decline
in industry profits is larger).

6 Conclusion

We have introduced GLC, a new, simple, flexible class of models of imperfect compe-
tition. We showed how, under GLC, firm-level cost pass-through alone is a sufficient
statistic for the profitimpacts of regulation on individual firms. Compared with existing
literature, GLC relies heavily on supply linearity but allows near-arbitrary firm hetero-
geneity and does not require information about conduct parameters and markups or
assumptions about rationality or equilibrium.

We also showed how the GLC structure can be used for welfare analysis and to
endogenize the extent of regulation. To illustrate the empirical usefulness of GLC,
we estimated ex ante the impacts of future carbon pricing for US airlines. We found
significant intra-industry heterogeneity in pass-through between low-cost and legacy
carriers, driven by differences in product portfolios, cost structures and consumer
demand. From a policy perspective, we therefore expect these carrier types to have
very different incentives to embrace climate regulation.

We developed GLC with the objective of a simple yet robust modelling approach
that can be put to use on a range of policy issues across different industries. We hope
that GLC will prove useful in other single-industry contexts that, like airlines, are
characterized by complex firm heterogeneity in demand, costs and conduct. This is
common feature of many applications in industrial organization but it is also increas-
ingly relevant for work in public economics, for example, studying the welfare impacts
of a soda tax. GLC also lends itself to cross-industry analysis that seeks to apply a
consistent economic structure across many different industries. This a common feature
of work in macroeconomics and international trade, such as examining the impact of
tariff reforms in reducing production costs, and in labour economics, such as studying
the impact of a minimum wage. The comparative advantage of our framework lies

in lower complexity in conducting ex ante policy evaluations, rooted in the theory of

data, confirming that carbon pricing reduces aggregate emissions, dE(t)/dt < 0. First, industry carbon
emissions in the last year of our sample were E = 15,420,727 tCO,. Second, we set D’ = $30/tCO,
as the SCC. Third, we derived dE(t)/dt by estimating the tax elasticity of industry emissions 7(t) =
dInE(7)/dInt. We calculated total carrier emissions at the route level and then estimated a log-log
specification of carbon price on total emissions, while controlling for GDP growth, carrier size, number
of competitors, quarter and route fixed effects (results available upon request). We obtained a statistically
significant coefficient, n = —0.253 (SE = 0.017), in line with the prior literature (for example, the midpoint
of the range of estimates in Fukui and Miyoshi (2017) is n = —0.256). As expected, airline emissions
respond negatively to carbon pricing—but the elasticity is not large. The implied dE(7)/d7 can then be
backed out using the elasticity formula.
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imperfect competition, but without requiring commitment to a particular model or
notion of equilibrium.

The logic behind GLC can also extend beyond the scope of this paper and our
application to the airline industry. For instance, GLC could be used to predict how a
tirm’s profits are affected by a merger between competitors, in the spirit of Jaffe and
Weyl (2013), using only pass-through information relative to that firm. The underlying
assumption is that post-merger the product range of the merging parties would remain
unchanged. Empirically, the firm’s pass-through should be estimated based on ex-ante
shocks only affecting the merging firms. Also, GLC could prove useful to analyse
ad valorem or value-added taxes. In this case, an alternative version of A4 consistent,
under price competition, with demand forms resembling the cost-indexed demand of
Wang and Wright (2017), would ensure that the profit impacts of a tax rate hike only

depend on a firm’s own price, quantity, and pass-through rate.

7 Appendices

7.1 Examples of models satisfying A1-A4

Although restricted by its underlying assumptions, GLC is more flexible than standard
oligopoly models along important dimensions. First, firms within GLC may think they
are playing a different game. Second, they may be using different choice variables
(e.g., one firm chooses price and another firm chooses quantity). Third, by allowing
Y; to vary across firms, GLC does not impose that a firm with a higher market share
necessarily has a higher profit margin.

In this appendix, we provide a non-exhaustive list of models satisfying A1-A4.38
We focus on the effects of a cost shock on a given firm’s profits (firm 1) and, thus, we

only require A1-A4 to hold for that firm but not necessarily for its competitors.

1. Homogeneous quantity competition with a linear market demand curve, p = a—PB Yicpn Xi,
and constant marginal costs for firm 1. It is easy to check that firm i’s first-order
condition directly implies ; = B, Including a firm-specific conjectural variation
v = (Z jent t;lxj/dxz-) (Bresnahan, 1989) leads to Y = [B(1 + vl)]_l, which is still
consistent with our four GLC assumptions.

2. Quantity competition with horizontal andjor vertical product differentiation, and constant
marginal costs for firm 1. Let firm 1’s inverse demand be p; = a1 — 1 x1— f1(x2, ..., Xn),

¥Beyond the examples listed below, GLC also applies to multistage games such as, e.g., Stackelberg
games with one leader or more (Daughety, 1990), forward contracting (Allaz and Vila, 1993), or compe-
tition with behavioural biases (Al-Najjar et al., 2008). It also applies to networks (Pellegrino, 2025) or to
industries with common- or cross-ownership structures (O’Brien and Salop, 2000).
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where the function f; captures how other firms’ output affect firm 1’s inverse de-
mand and a; reflects vertical differentiation. This leads to ; = ;. A similar

result obtains when firm 1’s competitors set either prices or quantities (for in-

stance, when py = ay — f1 X1 — fi(p2, ..., Xn), giving us 1 = B;1).

3. Price competition with horizontal andfor vertical product differentiation, and constant
marginal costs for firm 1. Let firm 1’s direct demand be x; = a1 — 1 p1 = Ai(p2, ..., PN),
where the function f; captures how other firms’ prices affect firm 1’s demand and
ay reflects vertical differentiation. Again, this leads to i, = f;'. A similar result
obtains when firm 1’s competitors set either prices or quantities (for instance,

when x1 = &y — 1 p1 — fi(xz, ..., pn), which also gives ¢1 = g;1).

4. A linear version of supply function equilibrium (Klemperer and Meyer, 1989) and con-
stant marginal costs. Demand is linear p = 1-}_ ;.5 X; and firm 1 has a linear supply
schedule of the form x; = 01 + u(p — k1), where it chooses o1 (4 la Menezes and
Quiggin, 2012). Firm 1’s first-order condition leads to iy = [1 + (N — 1)u].

5. Spatial competition on a Salop circle (Salop, 1979) and constant marginal costs. A
uniform mass 1 of consumers is distributed around a circle, where location indexes
consumer preference and and a linear transportation cost t serves as an index of
product differentiation. There are N firms located symmetrically around the circle
that compete on price. Firm 1’s demand takes the linear form x; = 1/N+(p—p1)/t,
where its neighbours are symmetric and set a price equal to p, and so its first-order

condition yields a linear product market behaviour with ¢; = 1/t.

6. Multiproduct quality competition: Upgrades approach. We consider a simplified ver-
sion of the upgrades approach to multiproduct competition (Johnson and Myatt,
2003, 2006; Johnson and Rhodes, 2021), that yields linear demand structures. Each
of N > 2 firms offers two product qualities, taken as given: low-quality g; and
high-quality g,, where g, > g;.

A consumer of type 0 has multiplicative willingness-to-pay v(0,q) = 0q for a
single unit with quality g € {g1, g2}. There is a unit mass of potential buyers with
uniformly distributed types over [0,1]. Let Y;; denote the combined number of
low- and high-quality units produced by firm i, let Y;, be the number of high-
quality units, so that (Y;j; — Y};) is the number of low-quality units.® Similarly, let
Y1 = Y.ien Yi1 be the industry supply of both qualities and Y, = } ;. Yio that of
high-quality. Due to multiplicative preferences and uniform types, both demand
curves p1(Y1) = (1 — Y1)g1 and p2(Y2) = (1 = Y3)(g2 — q1) are linear. The total price
of the high-quality product is the baseline price plus the upgrade price, p; + pa.

¥In the upgrades approach, Y is interpreted as the number of “baseline” units while Yy, is the number
of “upgrades.”
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We assume that firm 1’s unit cost for the low-quality product is ki1(7) = c11(7) +
7 z11(7) while it is ki2(T) = c12(7) + 7 z12(7) for the upgrade, where the corresponding
regulatory intensities, z1; = e11/Y11 and z1, = e/ Y1, are both optimally chosen
given 7. We have dky,,,(7)/dt = z1,,(7) for m € {1,2}. Firm 1’s overall profits are
therefore given by: [p1(Y1) —ki1(T)[(Y11 = Y12) +[p1(Y1) + p2(Y2) —ki1(7) —ki2(7)] Y12 =
[p1(Y1) = k11 (D)]Y11 + [p2(Y2) = ki2(T)] Y12, where it separately chooses Y1; and Yy,
subject to Y11 > Yy, It is easy to check that the two first-order conditions for Y1,
and Y7, satisty A4, with 1; = 1/q; and ¢12 = 1/(92 — q1).

7.2 Proofs

Proof of Proposition 1. First, under A1-A3, we have dk;,,/dt = z;,. Thus, firm i’s (opti-
mized) profits are given by:

(1) = ), [pin(®) = k(D] xin(0).

meM;

Second, from A4, x;y,(7) = Yim[pin(7) — kin(T)], and so firm i’s profits can be written
as ITi(7) = L uept. Cim [pim(T) — kin(7)]?. Therefore, we obtain:

dni(T) -9 Z xim(’c) (dpzm(T) _ dkzm(T))

dt = dt dt

=2 Z xim(T) [sz(T) —-1] Zim(T)

meMi

=2 Z [sz(T) —-1] eim(T)
= —2[1-p,(1)]ei(7).

This completes the proof. m|

Proof of Proposition 2. First, under A1-A3, we have dk;,,/dt = z;,. Thus, firm i’s (opti-
mized) profits are given by: ITi(7) = Y., .epm, [Pim(T) = kin(T)] X3 (7). This implies that the
profit impact of the regulation can be expressed as a function of initial levels evaluated

at 7 as well as the changes Ap;y, (7, 7) = pim(T) = pim(T), Akin(T, T) = kins(T) — kitn(7), and
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Axip (T, T) = Xjp(T) — Xi(7T):

Alli(T, 1) = TI(7) — I1(7)

=Ain

= ) 18%0(@ D) [Pun(®) = kin(D)| + in (@) [ Apin (T, D) = AT, )]
meM;

+ Axin(T, 1) | Apin(T, D) = Akin(T, D).

EBim

Moreover, using A4, we have:

Ain = 2 X (7) [APz‘m (T, 1) — Akin(T, T )]
=2(T-Dew(® |ph@ D - 1] gu(@ D),

where we obtain the second equality because pﬁn (T,7) = Apin(T, 1)/ Akins (T, T), Zim(T) =
eim(T)/Xim(T), and Ak;y, (T, 7) = fT ‘ zim(T) d7, together with the definition of g;,(T, 7).
Similarly, relying on the same set of definitions and equalities, we obtain:

Bin = (T — 1) €in(T) :pﬁn(i 7) - 1: gin(T, 7) {A"m—@}

Xim(T)
Vim [Apim(T, T) = Akin (T, T)] }
Vim [Pim(T) = Kin(T)]
gim(T, D5, (T, 1) = 11 (T — 1) Zim(I)/Pim(I)}
[Pin(T) = kinn(D)]/pim(T) '

= @ - Dem(® [ph(@ D - 1] gin(@ D) {

where the second equality holds because of A4.
Finally, considering Y., c (. Aim + Bim, we obtain:

AT, 7) = =2 )" [1 = ph (T, DI (T = D) ein(0) Qun(F, T),
meM;

with €;,(7, T) as defined in Proposition 2. O

Proof of Corollary 1. The proof follows directly from that of Proposition 2 with the con-
ditions that (i) [(T — ©)zim(T)]/pim(7) is “small” such that Q;, (T, 7) = gin(T, 7), and that
(ii) zim(T) = Zin(7) V7 € [1,7] such that g;,(7T, ) = 1, Vm € M;, and also relying on the
definition of ﬁiA(?, 7). O

Proof of Proposition 3. By A5, the envelope theorem implies that aggregate consumer

dS(7) al Apim(7)
s :_Z inm(T) dr

i=1 meM,

surplus satisfies:
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Using the definition of i’s firm-level cost pass-through for component m of its offering,
Pim = [dpim(7)/d7]/[dkin(T)/d7], and invoking A1-A3 (but not necessarily A4), we have
dkin(7)/dT = Ziy(T) = €i(T)/Xim(7), again by the envelope theorem. We can thus write:

dsm Z Z i (T)Pim(T)-

i=1 m€M>

Finally, we can express this in terms of industry-average pass-through as follows:

N N

d m 1
o0 Yo Y Dpu(o) = - ) 0R(0 = —E(r)ZZET)pm ~FOE),
i= meM, i=

where the second equality uses the definition of i’s multidimensional cost pass-through
rate, p,(7) = X e M, Win(T)pim(T), with weights win(7) = €im(7)/ei(7), and the fourth equal-
ity uses the definition of industry-average cost pass-through introduced in Subsection

3.4, p(1) = Lienlei(1)/E(D)] p(0). -

Proof of Proposition 4. Give our assumptions, social welfare is W(t) = S(7) + I(7) +
1E(7) — D(E(7)), and differentiation gives:

AW _dS(r)  dTien (D) | I
== 4 E() - [D(E () — 1] —

From Proposition 1, we already know that, given A1-A4, i’s firm-level profit impact
satisties dI1;(7)/dt = =2[1-p.(1)]ei(T). Aggregating this across all N firms in the industry

then gives:
d Y jen (1) ~
—=—— = -2[1 - p(DIE(D),
T
using the definition of industry-average pass-through, p(t) = Y.;cnlei(7)/E(7)] p;(7).
Combining this result with that of Proposition 3 yields:

dAW(7) _

o =l- p(D)]E(T) — [D’(E(T))_T]dE(T).

dt

7.3 Data and robustness checks
7.3.1 Data construction

We now provide some details about the procedure we followed to construct our dataset.

Ticket price. We obtain p;j; from the cleaned DB1A data provided by Severin Boren-
stein (the raw DB1A data, along with all the data below, are from the Bureau of
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Transportation Statistics). We drop any non-direct tickets for ij¢, and then convert the
nominal prices to real 2013Q4 USD using St. Louis Fed CPI data (as we do with all
monetary variables).

Per-passenger fuel cost. The variable k;j; is constructed as follows, with the raw
variable names given parentheses. First we use the Form 41 (Schedule P-5.2) dataset,
which contains specific fuel costs (fuel_fly_ops) for carrier i, aircraft [, and time ¢, which
we denote kj;. Following O’Kelly (2012), we assume the fuel used to fly route j is a
linear function of distance d; with a non-zero intercept: k;;; = b?lt + bl.lltdl‘[]‘. The fixed cost
comes from the fuel used in take-off and landing, and any airport related activities; the
variable cost is the ‘miles per gallon” fuel consumption at cruising altitude. The fuel
use data we have do not allow us to identify both the slope and the intercept, so we
use an average value for their ratio taken from European Environment Agency (2016):
we set the ratio b§,/b;, = 131 for all ilt, meaning take off and landing uses the same
fuel as cruising 131 miles. Next we use the T-100 Domestic Segment to assign aircraft
to routes. We construct the share a;;(I) of carrier i’s passengers on route j at time ¢
that travelled on aircraft type [ (aircraft_type). We use total ‘effective distance” flown
by each aircraft type [ on each route j, cz-ljt = b°/b'+ distance;) X dep_per fomed;;;, so that
ai(l) = cAl;ljt / (Zz let). Using these shares we construct the weighted average fuel cost
kijp = X aje(l) Kigs-

Non-fuel cost index. The index is constructed from Form 41 (Schedule P-5.2). We
take, for each ilt, total flying operating costs (tot_fly_ops) plus total maintenance costs
(tot_dir_maint) minus fuel costs (fuel fly_ops). We then construct a weighted average
value for each ijt using the weights a;;(I) described above. Finally, we transform the
carrier-route-time specific costs into a carrier-time index of costs. This is done by
dividing total costs by total passengers, for each carrier-time. We normalise to the
2004Q1 value for American Airlines.

GDP growth. This variable is constructed with data from the Federal Reserve Bank
of St. Louis. Using state-level GDP data, for each route j we take the average of the
states in which each of the origin and destination airports are located. For 2004 we
interpolated the annual data as quarterly data are not available.

Competitors and low-cost carrier (LCC) competitors. Both variables are constructed
using the full DB1A data. We define competitors to include all routes that serve
the same city-city market as route j. For example LAX-SLC is a competitor product
to SNA-SLC because LAX and SNA both serve the city of Los Angeles. Using the
Bureau of Transportation Statistics” definition of a market (origin_city_market_id and
dest_city_market_id), we count all carriers serving that market with at least 1,000 pas-
sengers in a quarter. LLC competitors is the number of competitors from the set of
low-cost carriers, as defined by ICAO.
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Carrier size. This variable is constructed using the full DB1A. It is the sum of all

passengers on all routes in a given quarter for a given airline.

7.3.2 Aggregate trends

Figure 1 shows trends over the period for each carrier type. Figure 1(a) compares
Southwest’s average per-passenger fuel cost with the spot price of jet fuel. They track
each other reasonably closely, with a lag indicating the presence of hedging, which also
smooths out the peak and trough from the 2008 price spike. Note also the substantial
variation in fuel costs over the period. Figure 1(b) plots average ticket prices (left axis)
against per-passenger fuel costs (right axis) for Southwest. As expected, there is a
positive correlation. Figure 1(c) shows per-passenger fuel costs for the legacy carriers
and how they compare to the spot price of jet fuel. Fuel costs follow spot prices more
closely than for Southwest, consistent with a more limited use of hedging. Figure 1(d)
shows ticket prices and fuel costs for the legacy carriers; as for Southwest, these appear

to be closely related.

7.3.3 Robustness: Pass-through estimates

We now provide some robustness checks for our pass-through estimates, as discussed

in Subsection 5.2.

Results for individual legacy carriers. Table 4 gives descriptive statistics for the
individual carriers in our sample. These confirm that the legacy carriers form a group
distinct from Southwest, for example on the basis of price, fuel cost or distance.

Table 5 contains the results of estimating a variant of equation (5) with an interaction
term for each individual legacy carrier, rather than a single dummy for all legacy
carriers. It therefore provides the pass-through rate for each airline. (First stage
estimates are reported as columns (2)—(6) in Table 6.) Southwest’s pass-through remains
unchanged. The average of the individual legacy carriers’ pass-through rates is in line
with the overall legacy carrier result in the baseline from Table 2. There is, however,
considerable heterogeneity among the legacy carriers. Delta has a particularly large
pass-through rate. Despite this range, the results do support our prior (following the
airlines literature) to consider Southwest as distinct from the legacy carriers: it is the

only airline with a pass-through rate statistically significantly greater than 1.

Additional control variables. Table 7 contains the results with additional control
variables that plausibly could impact airlines’ pricing decisions. Columns (2)—(4) show
the impact of using alternative measures of demand. (Column (1) is the same baseline

as in the main text, and contains the only measure of demand that is statistically
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Figure 1: Aggregate trends in prices and costs. Panels (a) and (c) show jet fuel spot
prices and per-passenger fuel costs. Panels (b) and (d) show ticket prices and per-
passenger fuel costs. Variables are quarterly averages (unweighted) over all carrier-
routes in our sample. Source: Authors’ calculations based on data from the US Bureau
of Transportation Statistics over the period 2004Q1-2013Q4.
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Southwest American Delta United US Airways

Quarterly average statistics

Price ($) 154.73 212.54 236.54 23141 230.85
Fuel cost ($) 32.95 57.12 50.73 56.31 45.14
Distance (miles) 717 1,102 992 1,128 915
Emissions (tCO,) 0.13 0.23 0.18 0.21 0.18
Emissions cost ($/tCO5) 4.00 6.91 5.44 6.23 5.30
Passengers (000s) 42 36 30 28 25.00
Competitors 224 2.84 2.40 3.70 2.20
LCC competitors 0.40 0.40 0.73 0.94 0.60
Revenue ($ million) 5.46 6.76 5.76 5.76 4.66
Whole sample statistics

Revenue in sample (%) 56% 47% 40% 52% 35%
Observations 13,199 6,110 6,879 5,759 3,703
Carrier-routes 416 198 323 239 158

Notes: Price, fuel cost, emissions and emissions cost are per passenger. Emissions cost is calculated at a
carbon price of $30/tCO,. Whole sample statistics are aggregated over all N and T. Revenue in sample
is the proportion of all US aviation revenue (i.e., all flights on all airlines) in the sample over this period.
The legacy carriers are American, Delta, United and US Airways. All averages are unweighted. Source:
Authors’ calculations based on quarterly data from the US Bureau of Transportation Statistics for the
period 2004Q1-2013Q4.

Table 4: Descriptive statistics for individual carriers.

significant.) GDP per capita and Population are self-explanatory. Gravity demand
(analogous to the concept as used in the trade literature) is a measure of demand on
a route constructed as the product of (per capita GDP times population) in origin and
destination cities, divided by distance. In whichever measure is used, the pass-through
rates are very stable around the baseline result.

Column (5) includes Network density, which is the number of actual connections
(i.e., routes) between airports in a carrier’s network, divided by the total number of
possible connections (the standard definition in the networks literature). This is signif-
icant, but does not statistically affect pass-through. Column (6) includes a dummy for
potential entry by Southwest, using the definition provided by Goolsbee and Syverson
(2008). We don’t find any significant effect, and the pass-through rates are unchanged
from the baseline. Column (7) reports the effect of bankruptcy (all carriers except for
Southwest were bankrupt at some point in this period). Although this is significant, it
does not statistically affect pass-through.

In addition to investigating the effect of controls on prices, we also interacted these
variables with fuel costs, to see if they had an effect directly on pass-through rates.
We found almost no results of statistical significance. We also experimented with
varying the start and end dates of our time period, which again had little impact on our
estimates. These results are omitted in the interests of space, but available on request.
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Estimation method 2SLS
Sample Individual airlines
Dependent variable Price;j;
Fuel cost X Southwest 1.421***
(0.119)
Fuel cost X American 0.668***
(0.121)
Fuel cost X Delta 1.158***
(0.171)
Fuel cost X United 0.445%**
(0.077)
Fuel cost x US 0.767***
(0.094)
Competitors -2.153***
(0.710)
LCC competitors -7.678%**
(1.312)
Non-fuel cost index 10.523***
(2.560)
GDP growth -1.368***
(0.401)
Carrier size -14.681***
(5.047)
Time FE yes
Carrier-route FE yes
Observations 35,650
Clusters 1,334

Notes: Standard errors clustered at the carrier-route level are re-
ported in parentheses below coefficients. * significant at 10%; **
significant at 5%; *** significant at 1%. Source: Authors’ calcula-
tions based on quarterly data from the US Bureau of Transporta-
tion Statistics for the period 2004Q1-2013Q4.

Table 5: Pass-through estimates for individual carriers.

(2) ) (4) ®) (6)
Estimation method First-stage First-stage First-stage First-stage First-stage
Individual airline Southwest ~American Delta United us
Airways
Dependent variable Fuel cost ~ Fuelcost  Fuelcost  Fuelcost  Fuel cost
X X X X x US
Southwest ~American Delta United Airways
Spot X Individual airline 17.187*** 8.004*** 6.529*** 10.438*** 5.309***
(1.065) (1.882) (1.557) (2.088) (0.773)
Spot x Distance x Individual airline  10.304**  11.778"* 9.578*** 14.557*** 9.907***
(0.209) (1.525) (0.452) (1.836) (0.469)
F-test excluded instruments 635.20 106.70 130.98 138.50 374.86
p-value (0.000) (0.000) (0.000) (0.000) (0.000)

Notes: Standard errors clustered at the carrier-route level are reported in parentheses below coefficients.
* significant at 10%; ** significant at 5%; *** significant at 1%. Source: Authors’ calculations based on
quarterly data from the US Bureau of Transportation Statistics for the period 2004Q1-2013Q4.

Table 6: Pass-through estimates for individual carriers: First-stage regressions.
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Mean Group regressions. As a final robustness exercise, we allow for full hetero-
geneity across routes within a given carrier’s portfolio. The relationship of interest is a

variant of equation (5) given by:

Pijt = pijkije + Xi3Bij + Aije + 1ij + €ije. )

Carrier-specific pass-through rates p; are obtained from equation (7) by running a
separate regression for each carrier-route, and then taking a weighted average of the
carrier-route p;; to obtain a pass-through rate at the carrier level, p;. The weights are
emissions on the carrier-route. This approach imposes no homogeneity restrictions on
the parameters across carrier-routes within an airline, which could be important given
heterogeneities across routes in the airline industry. In running a separate regression
for each product, we take a similar approach to Atkin and Donaldson (2015). The
procedure could also be considered a special (non-dynamic) case of the “Mean Group”
estimator in Pesaran and Smith (1995). Note that allowing pass-through rates and other
parameters to vary across carrier-routes does not mean the routes are independent in an
economic sense, rather that their interdependencies are one of the many characteristics
captured by the pass-through rate that we seek to estimate.

A drawback of using this approach is that, unlike in the standard fixed-effects
baseline, year-and-quarter time effects are not identified. Equation (7) is therefore
estimated only with quarterly time effects. Instruments and first stage use the analogue
of equation (6). The results are given in Table 8. Southwest’s pass-through rate is 1.267,
significantly above 1, and the legacy carriers’ pass-through rate is 0.762, significantly

below 1, qualitatively and quantitatively very similar to the baseline estimates.

7.3.4 Robustness: Verifying A4 for the domestic US airline industry

We conduct two empirical tests to provide evidence that demand does not seem to
exhibit significant non-linearities.

First, we estimate the pass-through in monopoly routes using our baseline model
(5). Results are reported in Table 9. The estimated pass-through coefficient is 0.6
and not statistically different from 0.5 (Pr > x? = 0.66), which is the pass-through
predicted by a monopoly model with linear demand. This result provides evidence
that demand convexity does not seem to be significant in monopoly markets. The rest
of the coefficients are in line with the results in the baseline model.

Second, we directly test for the existence of non-linear demand terms in own price
(recall that GLC allows for non-linearities in rivals’ prices) in duopoly and triopoly mar-
kets.*? We estimate a simple semi-linear demand model of the number of passengers

“0We have an insufficient number of observations to run any regression for markets with four players
or more.
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1) ()
Estimation method 2SLS 2SLS

Sample Southwest Legacy
Dependent variable Price;jt Price;jt
Fuel cost 1.267%** 0.762***
(0.046) (0.034)
Competitors -0.903*** -3.733***
(0.239) (0.563)
LCC competitors -0.937%** -3.603***
(0.239) (0.580)
Non-fuel cost index 42.990*** 15.948***
(2.387) (1.992)
GDP growth 1.349%%* 2.276***
(0.099) (0.258)
Carrier size 0.336 -32.3271%**
(0.965) (3.191)
Quarterly FE yes yes
Observations 9,920 14,680
Carrier-routes 248 367

Notes: Newey-West standard errors that are heteroskedasticity and autocorrelation
consistent are reported in parentheses below coefficients. * significant at 10%; **
significant at 5%; *** significant at 1%. Source: Authors’ calculations based on
quarterly data from the US Bureau of Transportation Statistics for the period 2004Q1-
2013Q4.

Table 8: Pass-through estimates for a route-by-route estimation.

on carrier-route ij in quarter ¢ on own and rival prices, including squared terms, time
effects and ij fixed effects. All prices are instrumented using the same instruments as in
equation (6). Tables 10 and 11 report the results for duopoly and triopoly markets, re-
spectively. In duopoly markets (Table 10, column (1)) we can see that the OLS own and
cross price coefficients are significantly negative and positive, respectively, in line with
expectations. Instrumenting both prices in column (2) moves the own price coefficient
further away from zero. However, adding a squared term for own price in column (3) is
not significant (and similarly when moving from column (5) to column (6)). Likewise,
in Table 11, column (1), own and cross price coefficients are significant and have the
expected sign for a triopoly market. However, adding again a squared term for own
price does not improve the fit of the model, as it is not statistically significant. Although
the data for tripoly markets is considerably smaller and hence more noisy, none of the
non-linear coefficients seem to be significant. Therefore, results seems to suggest that
there are no significant demand non-linearities in this case, which together with A1-A3

provide empirical support to also maintain A4.
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)

Estimation method 2SLS
Dependent variable Price;j;
Sample Monopoly
Fuel cost 0.600***
(0.228)
Non-fuel cost index 7.463**
(3.820)
GDP growth -0.435
(0.569)
Carrier size -38.937%**
(11.960)
Time FE yes
Carrier-routes FE yes
Observations 6,714
Clusters 361
First stage regression
Spot 44.758%**
(3.987)
Spot x Distance 8.441***
(0.522)
F-test excluded instruments 95.05
p-value (0.000)

Notes: Standard errors clustered at the carrier-route level are re-
ported in parentheses below coefficients. * significant at 10%; **
significant at 5%; *** significant at 1%. Source: Authors’ calcula-
tions based on quarterly data from the US Bureau of Transporta-

tion Statistics for the period 2004Q1-2013Q4.

Table 9: Pass-through estimates for monopoly markets.
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@) @) (3) (4) Q) (6)

Estimation method OLS 25LS 25LS OLS 25LS 25LS
Dependent variable  passengers;j; passengers;j passengers;y passengersyji passengersyji passengersyj
Price;jy(x1073) -1.687*** -3.948*** 17.414 0.748%** 2.506 1.189
(0.220) (1.120) (33.283) (0.218) (2.391) (1.921)
Pricegjy(x107%) 0.382** 0.777 1.291 -1.5471% -2.049 -7.125%
(0.162) (1.280) (1.511) (0.274) (1.638) (4.249)
Price? (x1072) -0.046
ijt
(0.071)
Priceijt(x10‘3) 0.011*
(0.006)
Time FE yes yes yes yes yes yes
Carrier-routes FE yes yes yes yes yes yes
Observations 3,091 3,091 3,091 3,091 3,091 3,091
Clusters 167 167 167 167 167 167

Notes: Instruments for columns (2), (3), (5), and (6): Spot fuel price and Spot X Distance. Newey-West
standard errors that are heteroskedasticity and autocorrelation consistent are reported in parentheses
below coefficients. * significant at 10%; ** significant at 5%; *** significant at 1%. Source: Authors’
calculations based on quarterly data from the US Bureau of Transportation Statistics for the period
2004Q1-20130Q4.

Table 10: Demand linearity in own prices in duopoly markets.

) ) (3) (4) (5) (6)
Estimation method 25LS 25LS 25LS 2SLS 25LS 25LS
Dependent variable  passengers;j; passengers;j passengersyj; passengersyj; passengersji; passengersij
Price;js(x1072) 7457 -9.636** 1.950 -4.518 -3.567 -3.734
(2.303) (4.608) (13.174) (3.360) (3.496) (3.463)
Pricegjy(x107%) 3.777%%* 1.527 2.977 -13.433 2.558* 2.933*
(3.819) (1.429) (9.219) (25.399) (1.438) (1.713)
Price;j(x107%) 0.118 0.359 -1.725 -1.739 -1.320* -0.738
(0.558) (0.680) (1.063) (1.171) (0.661) (2.184)
Pricel.zjt(x10‘3) 0.008
(0.013)
Priceijt(x10‘3) 0.033
(0.037)
Pricelzjt(x10‘3) -0.001
(0.003)
Time FE yes yes yes yes yes yes
Carrier-routes FE yes yes yes yes yes yes
Observations 275 275 275 275 275 275

Notes: Newey-West standard errors that are heteroskedasticity and autocorrelation consistent are re-
ported in parentheses below coefficients. * significant at 10%; ** significant at 5%; *** significant at 1%.
Source: Authors’ calculations based on quarterly data from the US Bureau of Transportation Statistics
for the period 2004Q1-2013Q4.

Table 11: Demand linearity in own prices in triopoly markets.
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8 Online Appendices

8.1 Robustness: Monte Carlo analysis

We here present the details of the Monte Carlo analysis we performed to explore the
robustness of GLC’s Proposition 1. Following Hepburn et al. (2013), we assume that the
true model is an augmented version of homogenous-product Cournot competition, wit
N > 2 firms competing in one market (M = 1). The inverse demand curve is p(X) where
X is total industry output, and firm i’s market share is given by s; = x;/X € (0,1). Let
= —-Xp"(X)/p’(X) be an index of demand curvature, so demand is convex (concave)
if £ > 0 (& < 0). The competitiveness parameter 0 > 0 nests Cournot-Nash behaviour
when 0 = 1, and lower values of 0 correspond to more intense competition. Finally,
the slope of the marginal cost function is given by x and is identical across firms, and
Kk = —«/p’ > 0is a measure of cost convexity.
Define a profit-impact factor y; = 2(1 — p;) that captures the wedge between the
“static” and “dynamic” profit impacts such that AIli(7,7) =~ —yi[(T — 7)ei(tr)] under
GLC. Translating Proposition 7 of Hepburn et al. (2013) into our context yields firm i’s

true profit-impact parameter y; in the presence of demand and cost non-linearities:

Osi&pi—

FE k., =200+ s Ts-p)

where Cournot equilibrium pass-throughis givenby p; = [N/(N+0(1-&)+x)] (% Z;\il zj) /zi
and (0 + k) > 0 by stability of equilibrium. Note that pass-through incorporates the
effects of both demand curvature and cost curvature. With linear demand and constant
marginal costs (¢ = k¥ = 0), A3 is met and each firm’s first-order condition satisfies A4 so
Proposition 1 applies: y; = 2(1—p;) = y;. The first additional effect stems from demand:
if true demand is convex with & > 0 then this pushes y; up so GLC’s y; underestimates
the adverse profit shock. This effect is quantitatively modest if either the market is very
competitive (low 0) or firm i’s market share s; is small or the pass-through rate p; itself
is small. The second additional effect arises from costs: if these are convex with k¥ > 0
this pushes down y; (as long as p; < 1) so GLC then yields an overestimate.

Two qualitative conclusions follow. First, GLC exhibits no systematic bias: de-
pending on the precise way in which A3 and/or A4 are violated, it may over- or
underestimate the true profit impact. Second, the impacts of plausible departures from
A3 may partially offset those of A4. Most demand curves used by economists are
(weakly) convex and it is probably true that the case of convex costs, at equilibrium,
is more likely than concave costs (especially for emissions-intensive industries). These
two departures from GLC’s assumptions tend to work in opposite directions such that

yi = 2(1 — p;) = y; may still be a reasonable approximation.
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We now use Monte Carlo analysis to further explore misspecification in a quanti-
tative manner. In the following design, we create 10,000 hypothetical industries for
which, on average, A3 is violated for each firm and so is A4. The design also yields
significant heterogeneity in firms’ marginal costs and regulatory intensities.*! In par-
ticular, for each industry, we draw six sets of parameters to reflect model uncertainty

underlying GLC:

1. The number of firms is drawn uniformly as N € [2, 8], with an integer constraint,

to create a relatively concentrated market structure;

2. The market competitiveness parameter is drawn uniformly as 6 € [0,1] so
that “competition”, on average, lies mid-way between perfect competition and

Cournot-Nash;

3. For each of the N € [2,8] firms in the industry, firm i’s market share is drawn
uniformly as s; € (0, 1); then firms” market shares are re-normalized so that they
sum to 100%;

4. The cost convexity metric is drawn uniformly as x € [0, 1] leading to modestly

convex costs so that A3 is violated,;

5. Demand curvature ¢ is drawn uniformly from five discrete values {-1, —%, 0, %, 1,
in line with the common assumption from economic theory that demand is log-
concave & < 1 (Bagnoli and Bergstrom, 2005). This range includes three convex
demand systems used in an influential paper on oligopolistic pricing by Genesove
and Mullin (1998): linear (¢ = 0), quadratic (£ = %), exponential (£ = 1) as well
as their concave counterparts. While linear demand (£ = 0) remains focal, A4 is

nonetheless violated as A3 is already violated;

6. For each of the N € [2, 8] firms in the industry, firm i’s relative regulatory intensity

13
272

cost shock between 50% smaller or larger than the industry average.

Zi = zi/ (% Z;il zj) is drawn uniformly as z; € [3, 5] so that each firm experiences a

We then draw one firm from each industry, such that we have 10,000 firms, and
complete the analysis of the true model and the misspecified GLC in four steps. For
each firm, we calculate: (1) the true firm-level pass-through rate p;(N, 6, &, z;) (“true
CPT”), (2) the true profit-impact factor yi(p;, 6, s;, &, %) (“true PIF”), (3) GLC’s estimated
profit-impact factor y;(p;) = 2(1 — p;) (“GLC PIF”), and (4) GLC’s error ¢; = y; — yi. A
crucial point is that GLC’s PIF picks up the variation in the true CPT even if A3 and A4

are violated.*?

#1Second-order conditions and stability conditions are always satisfied given our parameter assump-
tions below.
#2Gee Miller et al. (2016) for an analysis of noisy or biased pass-through estimation.
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(1) 2) 3)

Mean Min Max
Parameters drawn
Number of firms N 4.998 2 8
Demand curvature 0.004 -1 1
Cost convexity 0.500 0 1
Market share 0.247 0 0.998
Competitiveness 0.502 0 1
Relative emissions intensity 1.001 0.5 1.5
Results
True pass-through 0.897 0.316 1.959
GLC profit impact factor 0.205 -1.918 1.367
True profit impact factor 0.156 -1.843 1.123
GLC error 0.049 -0.860 0.523
Number of firm draws 10,000
Herfindahl Index H 0.317 0.128 0.998

Notes: The table reports parameters and results from Monte Carlo simulations
reported in the main text. Source: Authors’ calculations.

Table 12: Parameters and results from Monte-Carlo simulations.

True PIF  ====+ GLCPIF |

Figure 2: Density plot of true and GLC profit impact facor (PIF). Vertical lines in grey
indicate the means of the distributions. Kernel densities plotted over all 10,000 draws.
Source: Authors’ calculations based on Monte Carlo analysis.
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Table 12 summarizes parameter draws and results. Firm-level pass-through rates p;
vary widely between around 30% up to almost 200%, partly driven by variation in the
size of a firm’s cost shock relative to its rivals. Similarly, there is large variation in true
PIFs, with some firms being hit hard (y; > 1, so the dynamic profit impact is worse than
the static impact) and others benefiting from regulation (y; < 0). Overall, the average
GLC PIF of y; = 0.205 lies close to the average true PIF of y; = 0.156. Figure 2 is a kernel
density plot of the true PIF and GLC PIF over all draws: the means are strikingly close.
The true PIF has a slightly larger spread but overall distributions are similar in shape.

In sum, this Monte Carlo analysis suggests that, as long as a researcher is able to
obtain good estimates of cost pass-through, GLC can perform reasonably well even in

situations with significant model misspecification on the demand and/or cost side.

8.2 Extension: Endogenous regulation

In this Appendix, we extend our main model and empirical findings by endogenizing
the regulation affecting firms in the market.

This analysis brings together two strands of prior research: (1) an influential lit-
erature following Grossman and Helpman (1994) in which firms lobby a government
“for sale;” (2) a classic literature following Buchanan (1969) on the optimal design of
emissions taxes under imperfect competition in the product market. In the model,
the government cares about social welfare—which includes the social cost of carbon

emissions—but also gains utility from contributions by corporate lobbyists

8.2.1 Theory

Our main GLC analysis assumes that the regulation 7 is exogenous. We here extend the
analysis to show how regulation can be endogenized. Taken together, the distortions
due to market power and political lobbying mean that this analysis yields a third-best
‘political equilibrium” emissions tax.*

The basic model setup is as follows. There are N > 2 firms active in a single market
(M = 1). As in Grossman and Helpman (1994), the government cares about social
welfare W but also about political contributions by regulated firms. Let K;(t) denote
firm i’s political contribution as a function of the emissions price 7. The government’s
payoffis Ugoy(7) = W(T)+A X5 Ki(T), where the parameter A > 0 measures its openness
to lobbying, and larger values of A mean policy is increasingly “for sale.” Following
Bernheim and Whinston (1986) and Grossman and Helpman (1994), the equilibrium of

the lobbying game is for each firm i to offer a contribution function K;(7) = Ii(t) + u;,

#3By assumption, the government does not have access to another policy instrument (such as a price
control) to directly address market power.
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where u; is a constant. Substituting into the government’s payoff function, the first-

order condition for the “political equilibrium” emissions tax 7°(A) is given by:

N

AUge(T)  dW(7) dl'li(t)
dt dt +AZ‘ dt

0. (8)

i=1

We assume that this problem is well-behaved, and focus on the interesting case of an
interior solution with (A1) > 0.

The timing of the game is as follows. First, firms choose their contributions
Ki. Second, the government sets the emissions price 7. Third, all N firms com-
pete under Al-A4)—now taking 7 as given (Al). We assume A5 is met and define
n(t) =dInE(t)/dIn7 < 0 as the tax elasticity of industry emissions.

As a benchmark, recall that the standard welfare-maximizing Pigouvian tax under
perfect competition—i.e., marginal utility equals price, and price equals marginal cost—
is to set the emissions price at the social marginal damage, 7 = D’(E(t")); note that this
result, like our setup, is based on the assumption that consumers are utility-maximizers
(Baumol and Oates, 1988).

Proposition 5. Suppose that A1-A4 hold for each firm i € N, that A5 holds for consumer
surplus, and that social damages onyl depend on the industry-wide use of the regulated factor.
At an interior solution, the ‘political equilibrium’ emissions tax that maximizes government
utility Uy, satisfies, at T = T°(A):

-1

L+ 201 59

—1(7)

T°(A) = D'(E(7)) l1 +

Proof. We pin down the political-equilibrium tax rate using the government’s first-
order condition to maximize U,y (7). Given A1-A4, it follows from Proposition 1 that
the impact on industry profits across all N firms satisfies:

drl(r) _ i dTTi(7)

- -2 = 2[1 - POIE),

i=1

using the definition of industry-average pass-through p(7) = Ycnlei(t)/E(T)]pi(7).
Given A1-A5, we know from Proposition 4 that the welfare impact satisfies:

dW(t)

0 - - plE® - ID'(E@) 1

dt

Putting these parts together in the government’s first-order condition from equation
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(8) shows that the political-equilibrium tax rate 7°(A) > 0 is determined by:

dugov(T)
dt

dE(1)

It =0.

=1*(A)

(1+24)[1 = p(D] E(7) + [D'(E(7)) — 7]
T=T*(A)

Using the definition of the emissions elasticity (1) = dIn E(7)/dInt < 0 now gives the

expression for (A1) > 0 as claimed. O

Proposition 5 shows that, for all models belonging to the GLC class, the wedge
between the equilibrium tax 7* and the Pigouvian rule is driven by the industry-average
pass-through rate p. Once again, pass-through signs the result: sign(D’ —1*) = sign(1-
p). This generalizes existing literature on the design of second-best emissions taxes
under imperfect competition to richer modes of competition and provides a unifying
result in terms of pass-through; see Requate (2006) for a survey of the literature. It also
extends this literature to incorporate political lobbying a la Grossman and Helpman
(1994) by regulated firms and thus to third-best emissions pricing.

To understand the result, observe that in the Buchanan problem, industry profits
reflect the extent of the market-power distortion while in the Grossman and Help-
man (1994) problem, profits drive the incentive to make political contributions. We
already know from Proposition 1 that (first-order) firm-level profit impacts are driven
by firm-level pass-through—and so the industry-level analog is driven by a weighted
average of pass-through across firms.** Intuitively, lower firm-level pass-through p;
means that firm i contracts output more strongly in response to tighter regulation,
creating greater deadweight losses and suffering larger profit losses, thus pushing 7"
downwards—more strongly for large, high-emissions firms (i.e., larger ¢;/E). Relat-
edly, where the government is more open to lobbying (higher A), and the industry is
collectively opposed to the regulation, with p < 1, this pushes the tax downwards.

In sum, we can therefore also apply Propositions 1 and 2 as well as Corollary 1 to
calculate the profit impacts of an endogenous regulation, simply by letting T = 0 and
T = 7°(A). In the spirit of sufficient statistics, Proposition 5 shows how it is possible to
derive an expression for 7*(A) that does not directly hinge on knowledge of consumers’
utility function V(-) (which, of course, may indirectly matter both for pass-through
rates p and for the emissions elasticity 7).

8.2.2 Empirical application

We apply our theoretical results to the US airline industry.
Both distortions push downwards the equilibrium carbon price: (1) as industry-
average pass-through p = 0.853 lies below 100%, the industry collectively opposes a

#Under perfect competition, each firm’s pass-through is 100% so the Pigouvian rule T = D" applies—
and there is no political lobbying (even if A > 0) since no firm is making any profit.
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carbon tax and lobbies the government to water it down;* (2) to mitigate deadweight
losses from market power, the government lessens the increase in product prices by
softening the carbon price.

We make our theoretical result from Proposition 5 operational in four steps. First,
for the social cost of carbon (SCC) we again set D’ = $30 /tCO,. Second, for the lobbying
parameter A, we turn to the literature. Goldberg and Maggi (1999) were the first to
empirically estimate this parameter, finding A = 0.02 for the US. McCalman (2004) and
Mitra et al. (2002) obtain similar results for Australia and Turkey respectively while
Gawande and Bandyopadhyay (2000) find a much higher A = 0.5. Based on these
findings, we take A = 0.1 as our baseline. Third, we use our estimates of firm-level
pass-through for airlines to obtain an industry-average pass-through rate of p = 0.853
(see Table 3). Fourth, we use our estimate of n = —0.253.

Following Proposition 5, we find an endogenous carbon price of $17.68/tCO,—
around 41% lower than the Pigouvian benchmark. The profit impacts of regulation are
therefore less pronounced for the endogenous carbon price: a loss of only 0.94 percent-
age points for the legacy carriers and a gain of only 0.91 percentage points for Southwest
(see Table 13). This translates into a welfare gain of around $77.3 million. As expected,
this exceeds the welfare change under the exogenous carbon price; furthermore, our

confidence levels now allow us to rule out a negative welfare impact.

1) 2) ®3)

Southwest Legacy All
Pass-through, p 1.418 0.661 0.853
(0.121) (0.104) (0.109)
Profit impact (in millions $), AIT 58.0 -54.3 -79.9
[24.4,91.5] [-249.0, -59.6] [-198.9, 39.1]
Profit impact (in %), AIT 0.91% -0.94% -0.38%
[0.38, 1.44] [-1.52,-0.36] [-0.95, 0.19]
Consumer surplus (in millions $), AS -232.7
[-292.2,-173.2]
Total welfare (in millions $), AW 77.3
[17.8, 136.8]

Notes: Pass-through estimates are from Table 2. Pass-through rate in column (3) is an emissions-
weighted average of Southwest and legacy results. Standard errors are reported in parentheses below
coefficients and 95% confidence intervals in squared brackets. Source: Authors’ calculations based on
quarterly data from the US Bureau of Transportation Statistics for the period 2004Q1-20130Q4.

Table 13: Profits, consumer surplus and welfare impacts under endogenous regulation
(at T = $17.68/tCO,).

We can decompose the “shortfall” in carbon pricing relative to the Pigouvian bench-

mark into the two underlying distortions: market power and political lobbying.** Ob-

#The exception is that, by GLC’s logic, Southwest should individually endorse the carbon tax.
461t is worth stressing that the shortfall in carbon pricing here is not driven by the incomplete regulation
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serve that the Buchanan market-power can exist in principle without any political
lobbying (i.e., where A = 0) but the reverse is not true.*” We therefore re-run the calcu-
lation with A = 0, i.e., with the lobbying channel switched off, and find an endogenous
carbon price of $18.98/tCO,. We conclude that the Buchanan effect is empirically much
stronger than the Grossman-Helpman effect as it explains around 90% of the disparity
between the endogenous and exogenous carbon prices.

In sum, we can draw two main conclusions for the US airline industry. First, the
political-equilibrium carbon price lies significantly below the social cost of carbon (SCC)
and, second, the shortfall in carbon pricing is primarily driven by market power with
a small additional role played by lobbying. Hence this analysis may help explain why
aviation has, so far, been a climate laggard. Looking ahead, it also suggests that policies
to address market power may be able to complement policies to address environmental

externalities.

Robustness checks. We have re-run the numbers with different assumptions for the
key parameters on political lobbying (1) and the emissions elasticity (n). In particular,
we consider a range of values A € [0, %] based on the literature discussed above com-
bined with a range 1 € [-0.287, -0.220] based on the 95% confidence intervals of our
estimates and in accordance with prior literature. The estimates for the carbon price
vary within a range of $13 — $20/tCO,, such that our baseline estimate is quite robust.
The conclusions are relatively more sensitive to pass-through. As discussed in
the theory, a lower industry-average pass-through exacerbates the market-power dis-
tortions and pushes the endogenous carbon price downwards; varying pass-through
down to p = 0.635, we find that the carbon price falls to around $10 (depending on
the precise values of A and 77). By contrast, at its upper estimate p = 1.072, the quali-
tative nature of the results flips: because pass-though now exceeds 100%, the industry
welcomes a carbon tax and so the endogenous carbon price exceeds $30. Given our

estimates, this case seems relatively unlikely, but we also cannot rule it out.

where a carbon price applies only to a subset of firms competing in an industry (Fowlie et al., 2016).
#In our setting, without any market power, there are no profits and hence nothing to lobby over and
so the lobbying effect is zero.
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